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ABSTRACT
IDENTIFYING AND QUANTIFYING PERSONNEL SKILLS GAPS
Martin Joseph McKenney
Old Dominion University, 2019
Director: Dr. Holly Handley

One of the issues organizations face is identifying the required skills needed for a position
and then evaluating whether their personnel have these skills or if there is a “skills gap”. The skills
gap is the distance between the position requirements and the skills currently possessed by the
worker in that position. While multiple models have been created over the years to address facets
of the problem, none of them provide a comprehensive framework to clearly identify the required
skills and worker qualifications and then evaluate the degree of similarity. A composite skills gap
model has been developed using the Design Science Research Method to combine elements of
previous models and to ensure that the resulting model met a set of established criteria. The Skills
Gap Analysis Model (SGAM) was evaluated using demonstration data to ensure that it provided a
single taxonomy for both position requirements and the worker qualifications, the resulting
descriptions were quantifiable and comparable, the data was accurate and actionable, the model
framework is adaptable to any domain, and that it is easy to use and not time consuming. The
framework provided by the model establishes a theoretical foundation for skills gap analyses that
allows for more analytical research in this area. By utilizing the SGAM to identify position
requirements and worker qualifications, organizations can move personnel to better suited
positions or utilize needed training in the specific areas identified. As technology moves towards
increasing automation, robotics and artificial intelligence, this type of model can identify what
skills are necessary for “re-tooling” the workforce to meet the needs to support these systems.
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NOMENCLATURE
Abilities
Aptitudes
Disconnect
Human Capital
Object (HCO)

JASS
Knowledge

KSAOs
KSAs
MOS
Reliability
Skill Gap
Skills
SkillObjects TM

SME
Task
Transferrable
Skills
Validated Test
Validity
Work

Possession of the means to perform an activity or task. (Wilson et al. 2012).
The capacity to learn or understand a particular task or subject. (Wilson et
al. 2012).
A misunderstanding or unclear direction between a person in a position
and the organization’s requirements and expectations for that position
Multifaceted collection of work and workplace data content requirements
in a specific environment or set of environments that will be used to
support manpower, training and HIS analysis. An HCO is comprised of
SkillObjects TM.
Job Assessment Selection Software. A program developed by the Army in
the 1980s to classify and compare jobs.
Information and facts acquired by a person through experience or
education. A thorough understanding of a particular subject (Wilson et al.
2012).
Knowledge, Skill, Abilities, and Others
Knowledge, Skill, and Abilities.
Military Occupational Specialty. The grouping that the Army uses to
classify jobs.
The ability of a test to dependably produce the same results when given
repeatedly to the same person.
A requirement for a skill not currently possessed by the person in that
position.
The manual, verbal, or mental ability to do something well. (Wilson et al.
2012).
Observable occupational skill containing unique knowledge, skills,
abilities, tools, tasks, and resources (KSATTR) at the job level and context
work elements.
Subject Matter Expert. A person that through experience or education is
an authority in a particular area.
Detailed pieces of work
Skills acquired while working in one area or job that are also valid for
another area or job.
The test is an adequate tool to measure for its intended purpose.
How well the test measures the intended attributes.
The mental or physical effort done to achieve a result.

v
TABLE OF CONTENTS

Page
LIST OF TABLE ....................................................................................................................... viii
LIST OF FIGURES .................................................................................................................... x
Chapter
1. INTRODUCTION .......................................................................................................................1
1.1 Background of the Problem..............................................................................................1
1.2 Why is this Problem Compelling? ...................................................................................4
1.3 Research Strategy .............................................................................................................6
1.4 Contribution to the Body of Knowledge ..........................................................................6
1.5 Alignment with System Engineering Research ................................................................7
1.6 Dissertation Outline..........................................................................................................7
2. LITERATURE REVIEW ............................................................................................................9
2.1 Domain Terminology and Skills Gap Problem ................................................................9
2.1.1 Terminology ........................................................................................................9
2.1.2 Skills Gap Model ...............................................................................................10
2.1.3 Criteria to Evaluate Existing Models .................................................................12
2.2 Existing Worker to Job Fit Models ...............................................................................13
2.1.1 Office of Personnel Management MOSAIC model...........................................13
2.2.2 Navy’s Human Capital Object (HCO) Model ...................................................14
2.2.3 Job Assessment Software System (JASS) ........................................................16
2.2.4 Occupational Information Network (O*NET)...................................................20
2.2.5 Other Initiatives .................................................................................................25
2.2.6 Model Summary and Comparison ....................................................................25
2.3 Methodologies to define Position Requirements and Worker Qualifications ...............26
2.3.1 Identifying KSAOs ............................................................................................26
2.3.2 Military Occupation Specialties ........................................................................28
2.3.3 Generating New Position Descriptions with Key Words ..................................29
2.3.4 Extracting Worker KSAOs from Resumes .......................................................32
2.3.5 Job Analysis ......................................................................................................32
2.3.6 Summary of Methodologies .............................................................................33
2.3.7 Gap in the Body of Knowledge and Requirements for a Skills Gap Model.....34
3. METHODOLOGY ....................................................................................................................37
3.1 Addressing the Research Gap ........................................................................................37
3.2 Research Approach ........................................................................................................39
3.3 Research Examples ........................................................................................................41
3.4 Application of Design Science Research Method ..........................................................43
3.4.1 DSRM Step 1 – Problem Identification and Motivation ...................................43
3.4.2 DSRM Step 2 – Define the Objectives of a Solution ........................................44
3.4.3 DSRM Step 3 – Design and Development of the Artifact.................................44

vi
Page
3.4.4 DSRM Step 4 – Demonstration .........................................................................45
3.4.5 DSRM Step 5 – Evaluation................................................................................46
3.4.6 DSRM Step 6 – Communication .......................................................................46
3.5 Summary ........................................................................................................................47
4. MODEL DEVELOPMENT .......................................................................................................48
4.1 Introduction ....................................................................................................................48
4. 2 Skills Gap Analysis Model Framework ........................................................................50
4.4 Parsing the Model Data ..................................................................................................52
4.5 Scaling Metrics ...............................................................................................................56
4.6 Comparison and Evaluation ...........................................................................................59
4.7 Model Implementation ...................................................................................................62
4.8 Summary ........................................................................................................................65
5. DEMONSTRATION .................................................................................................................66
5.1 Demonstration Protocol..................................................................................................66
5.2 Demonstration Model .....................................................................................................67
6. EVALUATION..........................................................................................................................77
6.1 Criteria for the Skills Gap Analysis Model ....................................................................77
6.2 Evaluation of the Demonstration Data ...........................................................................77
6.2.1 Gap Analysis ......................................................................................................77
6.2.2 Participant Survey ..............................................................................................85
6.2.3 Data Parser Utility .............................................................................................86
6.2.4 Model Reliability ...............................................................................................88
6.2.5 Position “Fit” Evaluation ...................................................................................91
6.2 Assessment of Skills Gap Analysis Model ....................................................................92
6.2.1 Taxonomy ..........................................................................................................93
6.2.2 Comparable ........................................................................................................93
6.2.3 Adaptable ...........................................................................................................94
6.2.4 Actionable ..........................................................................................................94
6.2.5 Usability .............................................................................................................94
6. 3. Example of Adaptability ..............................................................................................95
6.4 Overall Evaluation..........................................................................................................98
7. COMMUNICATION PLAN AND CONCLUSIONS...............................................................99
7.1 Communication Plan ......................................................................................................99
7.1.1. Researchers .......................................................................................................99
7.1.2 System Engineer ................................................................................................99
7.1.3 Human System Integration Practitioners .........................................................100
7.1.4 Human Resource Professionals .......................................................................100
7.2 Conclusion ....................................................................................................................101
7.2.1 Exit Criteria .....................................................................................................101
7.2.2 Benefits of the Skills Gap Analysis Model......................................................102
7.2.2.1 Training and Hiring ................................................................................... 102

vii
Page
7.2.2.2 Employee Disconnects .............................................................................. 102
7.2.2.3 Applicant Pool Versus Requirements ....................................................... 102
7.2.2.4 Legal Concerns .......................................................................................... 104
7.3 Opportunities for Future Research and Limitations .....................................................104
7.4 Summary and Recommendations .................................................................................105
REFERENCES ............................................................................................................................107
APPENDIX A ....................................................................................................................113
JASS QUESTIONS – ORIGINAL MODEL .....................................................................113
APPENDIX B ....................................................................................................................117
JASS LOGIC ......................................................................................................................117
APPENDIX C ....................................................................................................................122
MODEL SUITABILITY AND RELEVANCE SURVEY (MSRS) ..................................122
APPENDIX D ....................................................................................................................124
O*NET DESCRIPTORS MANUFACTURING TECHNICIAN ......................................124
VITA ..................................................................................................................................131

viii
LIST OF TABLES

Table

Page

1. Model Evaluation Criteria..........................................................................................................12
2. MOSIAC Model Evaluation ......................................................................................................14
3. HCO Model Evaluation .............................................................................................................16
4. Taxonomy of skills and abilities (Knapp and Tillman, 1998). ..................................................17
5. JASS Model Evaluation .............................................................................................................20
6. O*NET Model Evaluation .........................................................................................................24
7. Model Comparison.....................................................................................................................25
8. Examples of Technical Keyword Synonyms .............................................................................31
9. Model/Initiative Summary .........................................................................................................35
10. New Composite Model ............................................................................................................37
11. Design Science Research Methodology (DSRM) (Geerts, 2011) ..........................................40
12. DSRM – Identifying and Quantifying Skills Gaps ..................................................................41
13. Proposed Skills gap analysis Method. .....................................................................................52
14. Proficiency Scale .....................................................................................................................57
15. Importance Scale ......................................................................................................................57
16. Frequency Scale .......................................................................................................................58
17. Weighting and Normalized Values ..........................................................................................59
18. Descriptor Value Example .......................................................................................................59
19. Gap Analysis Example .............................................................................................................61
20. Demonstration Participants ......................................................................................................67
21. Model Suitability and Relevance Survey (MSRS) Questions .................................................74
22. Skills Gaps identified in the Demonstration Data....................................................................81

ix
Table

Page

23. Items where Technician Requirements Exceeded SME Expectations ....................................82
24. Details for Question 121 “Selective Attention” .......................................................................82
25. Survey Responses ....................................................................................................................85
26. Participant “Skipped” Questions..............................................................................................87
27. Skipped Questions ...................................................................................................................87
28. SME Data Variation .................................................................................................................89
29. Technician (Organization A) Data Variation ...........................................................................89
30. Technician (Organization B) Data Variation ...........................................................................90
31. Data Variation Summary .........................................................................................................90
32. Data Average Comparisons .....................................................................................................91
33. Data Average Comparisons .....................................................................................................91
34. SGAM Assessment ..................................................................................................................93
35. Model Criteria (SGAM) ...........................................................................................................98
36. Model Exit Criteria (SGAM) .................................................................................................101

x
LIST OF FIGURES

Figure

Page

1. Potential Skills Gaps in Enterprises ............................................................................................ 2
2. Skills Gaps Calculation ............................................................................................................... 4
3. Skills Gap Identification ............................................................................................................. 5
4. Domain Terminology ................................................................................................................ 11
5. Navy’s Human Capital Object (HCO) Model .......................................................................... 15
6. Human Capital Object (HCO) Data Collection Areas .............................................................. 16
7. JASS Logical Anchor Points .................................................................................................... 18
8. JASS Time Required ................................................................................................................ 18
9. JASS Question Percentage........................................................................................................ 19
10. O*NET Content Model ........................................................................................................... 21
11. O*NET Position Description for Industrial Machinery Mechanics ....................................... 23
12. Industrial Machinery Mechanics ............................................................................................ 23
13. Industrial Machinery Mechanics Data Collection .................................................................. 24
14. SkillsNET web-based job analysis process (Reiter-Palmon et al., 2006) ............................... 28
15. Typical Hiring Process............................................................................................................ 30
16. Terminology Issue .................................................................................................................. 34
17. Literature Gap ......................................................................................................................... 36
18. Architecture of the Composite Model .................................................................................... 38
19. Design Science Research Method Usage................................................................................ 42
20. O*NET Summary for Manufacturing Technician .................................................................. 43
21. Framework to Skills Gap Identification Process .................................................................... 49
22. Generalized Details to Specifics ............................................................................................. 49

xi
Figure

Page

23. HCO/JASS/O*NET Combined............................................................................................... 50
24. O*NET Categories .................................................................................................................. 51
25. JASS Question Reduction ....................................................................................................... 53
26. Dependency Evaluation .......................................................................................................... 53
27. O*NET Decision Path ............................................................................................................ 54
28. Skills Gap Analysis Model Knowledge Decision Tree .......................................................... 55
29. Normalized Value ................................................................................................................... 58
30. Model Reduction of O*NET................................................................................................... 60
31. GAP Analysis ......................................................................................................................... 60
32. Worker-to-Position Fit Coefficient ......................................................................................... 61
33. New Decision Path.................................................................................................................. 63
34. Knowledge Area Example ...................................................................................................... 64
35. SGAM Excel Sheet ................................................................................................................. 65
36. User Interface .......................................................................................................................... 67
37. Consent Form .......................................................................................................................... 68
38. Participant Selection Form...................................................................................................... 69
39. Decision Form......................................................................................................................... 70
40. Ratings Form........................................................................................................................... 71
41. Model Data Saved Screen ....................................................................................................... 71
42. Model Log Sheet ..................................................................................................................... 72
43. Model Completion/Survey Screen .......................................................................................... 73
44. Survey Likert Scale ................................................................................................................. 74
45. Survey Interface ...................................................................................................................... 75
46. Survey Completion ................................................................................................................. 75

xii
Figure

Page

47. Survey Log Sheet .................................................................................................................... 76
48. Demonstration Results – SME Average vs Technician Average ........................................... 78
49. Demonstration Results – SME Average vs Technician A5 .................................................... 79
50. Demonstration Results – Identified Skills Gaps ..................................................................... 80
51. SME and Technician Average Metric Results - Proficiency .................................................. 83
52. SME and Technician Average Metric Results – Importance ................................................. 84
53. SME and Technician Average Metric Results - Frequency ................................................... 84
54. Survey Final Model Rating ..................................................................................................... 86
55. Express Model ........................................................................................................................ 88
56. GAP Identification .................................................................................................................. 92
57. Inter-rater Reliability .............................................................................................................. 94
58. O*NET Barista Details ........................................................................................................... 95
59. Adaptability Example ............................................................................................................. 96
60. Decision Path .......................................................................................................................... 97
61. Barista Example ...................................................................................................................... 97
62. Model Flow ........................................................................................................................... 100
63. Full O*NET Requirements versus using Skills Gap Analysis Model .................................. 103

1
1. INTRODUCTION

1.1 Background of the Problem
Whether enterprises are growing, restructuring, downsizing, having to fill jobs vacated by
retiring professionals, having to deal with a technology shift, or just filling positions created by
workers pursuing other opportunities, organizations are quickly realizing that one of their most
valuable assets is their people (Pfeffer & Veiga, 1999; Fulmer & Ployhart, 2014). Positions require
people with the correct skills to accomplish the work.
Enterprises need to identify skills gaps between their current workforce and their future
capabilities in order to address their workforce planning needs. Enterprises strive to align their
systems, technologies and workforce with current and future business objectives. A “skills gap” is
the differential between the requirements of a job position and the skills that a worker possesses.
Before an organization can train existing personnel, move personnel to better matched positions,
or hire new personnel, these gaps need to be identified.
There is some controversy about the cause of current gaps in worker skills. One theory
states that the modern-day skills requirements are outpacing the education system (Olson, 2015;
Galagan 2010), i.e., schools and universities are not preparing the workforce to meet new job
requirements. This viewpoint is supported by the 2013 Georgetown University Center on
Education and the Workforce Recovery: Job Growth and Education Requirements Through 2020
report which explains that 60% workers need some postsecondary education for today’s jobs,
compared to 1 in 3 in the 1970s and that this number will increase to 65% by 2020. Another theory
purports that organizations are unwilling to train their existing workers, not willing to pay fair
wages for the skills they need, need to move to position themselves in a better area to obtain a
proper workforce, or are just not effective at identifying requirements and matching personnel
skills sets (Cappelli, 2015). Other studies cite lack of motivation, poor attitude and dependability
as issues, not technical ability (Pearce, 2006). Regardless of the causes of the “skills gap”, the need
to quantitatively identify it exists.
One of the potential reasons for the large debate about the skills gap is that it has been
difficult for enterprises to measure and quantify it. Abraham (2015) and Cappelli (2015) cite that
while there has been an increase in employer complaints, current data did not support these claims,
and they note the poor quality of the information presented to support the complaints. Olson (2015)
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agreed with the skills gap claims and discussed potential solutions to “bridge” the gap. He suggests
identifying the talent requirements, but no methodology is provided for accomplishing this task.
Manpower Group (2013) indicates that 35% of employers have concerns over filling positions and
provides several possible causes. The 2011 Manufacturing Institute and Deloitte Report states that
67% of manufacturers have a moderate to severe shortage of available, qualified workers. Neither
of these reports discuss how to evaluate or quantify the gap. While every organization is different,
each with its own unique set of issues, a prescriptive “engineering approach” to provide and
evaluate skill gap data does not exist.
The literature agrees that organizations need to identify their own skills gaps to address
their workforce planning needs. Having a method to identify and quantify these needs would give
organizations the information they need to address the gap. At issue is that before organizations
can train existing personnel, move personnel to better matched positions, or hire new personnel,
they need to understand exactly what these gaps are.
This research summarizes the relevant literature and current models that exist in this
domain and presents a more robust model to identify, quantify and address the skills gap between
positions and personnel. While the application of the work for organizations is compelling, this
research also establishes the theoretical foundation for skills gap analyses, allowing more
analytical research in this area, and proposes a model framework based on combining existing
models and developing an accompanying algorithm to quantify the skills gap. As shown in Figure
1, the need to identify and quantify skills gaps in an enterprise occurs in several areas.

Figure 1. Potential Skills Gaps in Enterprises
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The first area is the identification of a skills gap between the existing worker and the current
job position. It is critical that personnel meet the job requirements, as this gap is costly for
organizations (Watkins, et al., 2016). The gap can result in a loss of productivity, reduced morale,
and the overworking of the existing workforce. Overworking the existing workforce and having
operators perform tasks that they are not qualified for can create quality and safety concerns
(Caruso, et al., 2004; Spurgon, et al., 1997; Goldenhar, et al., 2003; Kawada & Ooya, 2005).
The second area is when new or changing technology causes existing positions
requirements to change or even be phased out. The remaining personnel may not be able to
successfully adapt to the new job requirements; these people need training to be able to perform
the required functions, but it is critical that the gaps are properly identified so that the proper
training can be utilized. Training in the wrong areas is costly from a time and monetary perspective
and is not beneficial for the organization.
The third area is to determine if existing personnel skills can be used in other areas of the
organization. Evaluating the skill gap between the worker and the other available jobs can identify
the degree of training required, which correlates to cost, to enable the candidate to fill the position.
After a skill gap has been identified, the worker needs to be trained, but the issue still remains in
identifying what to train and how much to train. According to the American Society for Training
& Development (2013) State of Industry Report, US organizations spent over $164 billion dollars
on training. Being able to identify and quantify skills gaps can help organizations ensure that they
are training in the correct areas and that they are maximizing the effectiveness of the training.
Lastly, Figure 1 identifies the impact on new hires. The issue is how to describe available
positions to hire appropriate personnel; it is important that the potential new hires are matched
against up-to-date requirements for the position. Placing the wrong person in a critical position
could result in loss of productivity, loss of revenue, low morale, and customer relation issues.
Several issues are important to defining a skills gap model: identifying the descriptors
needed to identify position requirements and worker skills, ensuring the position requirements and
the worker’s qualifications use the same taxonomy, what evaluation metrics are applicable, and
finally how to make the comparison.
Different organizations have different titles for similar positions and personnel skills are
described in a variety of ways. In order to make an accurate worker-to-position comparison, the
position requirements and the worker’s qualifications need to be in the same language with
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quantitative ratings. Many of the current methods do not provide a method for an “apples-toapples” comparison, meaning the data for each perspective can be reasonably compared. Once
both the worker skills set and position requirements are in the same language, the skills gap can
be calculated (see Figure 2).

Figure 2. Skills Gaps Calculation

1.2 Why is this Problem Compelling?
The ability to find the right workers and being able to identify skills gaps for an existing
workforce has become increasingly more important. Skills gaps are costly and negatively affect
productivity. The need exists to identify and quantify roles and responsibilities for positions that
can be clearly identified and articulated to the worker. The 2018 U.S Department of Labor statistics
cite that there are 6.7 million U.S. job openings with 6.3 million unemployed. Evaluating the
numbers, there should be more than enough jobs for everyone. Are these people not qualified or
are organizations not able to match these people with the correct positions?
Additionally, the skills gap problem is complex. The diagram in Figure 3 identifies some
of the factors needed to identify a skills gap. These factors include the descriptors for the position
requirements and worker skills, the underlying taxonomy, appropriate metrics to weight and rank
the descriptors, and how to evaluate the outcomes. The fundamental concept is that in order to
make an accurate comparison both the position requirements and the worker qualifications need
to use the same taxonomy. This is shown in the diagram by the apples next to each area. This
ensures the “apples-to-apples” comparison can be made.
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Figure 3. Skills Gap Identification

Positions within an organization require specific skills sets. These skill sets typically detail
activities that the person needs to be able to successfully perform the requirements of the position.
When comparing personnel to positions, three scenarios are possible:
Scenario 1: The worker’s skills set is balanced with what the organization needs. The position
should be adequately filled, and the organization should not have any issues.
Scenario 2: The worker skills set is greater than the position requirements. This is inefficient use
of the available human resource. In this case the worker may not be challenged and
may seek employment elsewhere. With a positive gap, matching the worker with a
different, more suitable position could benefit both the organization and the worker.
Scenario 3: When the position requirements are greater than the worker’s skills, this creates a
negative gap. Negative gaps are costly for organizations and as such, closing or
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eliminating the gap is desired, usually through training or selecting alternative
personnel.
With technology moving towards automation, robotics and artificial intelligence, i.e.,
Industry 4.0, being able to identify the skills gaps will be necessary for “re-tooling” the workforce
to meet the needs to support these systems. Before organizations can train existing personnel, move
personnel to better matched positions, or hire new personnel, they need to understand exactly what
the skills gaps are. By clearly identifying the skills gap, manpower and personnel decisions can be
made about hiring, training and shifting personnel to meet the enterprise needs.

1.3 Research Strategy
This research goal is to develop a model that allows a skills gap to be identified based on
a common representation of a job position and personnel skills. The main challenge is how to
identify the position requirements and worker skills in a manner that the two can be used for
comparison. The details include developing a model using the proper descriptors that can be used
to quantify the job requirements, developing a scale to rate the importance of each descriptor,
capturing the existing personnel qualifications using the same descriptors, and developing a
corresponding method to compare the job requirements to the personnel’s skills. The model will
have to be easy to use, be able to parse data effectively to minimize effort, and yield actionable
data that would be useful for the minimizing the gap. The research will employ a Design Science
research strategy to create a new artifact, the Skills Gap Analysis Model.

1.4 Contribution to the Body of Knowledge
This work directly addresses the need for a robust model to identify, quantify, and address
the “skills gap” between positions and personnel. This research is timely for both system and
organizational design as increasing levels of system autonomy has changed the way that positions
are defined and shifting the role of workers. A model framework based on combining existing
models identified in the literature review and developing the accompanying algorithm to quantify
the skills gap provides the basis for the Skills Gap Analysis Model (SGAM). This model provides
a theoretical foundation for analysis that allows for more analytical research in this area.
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1.5 Alignment with System Engineering Research
The skills gap problem, while widely recognized, has not received much attention in the
academic literature. The problem has been viewed as largely an organizational one, and often
“workarounds”, such as additional training, adding extra personnel, and overtime hours are used
to address the gap. While the immediate application of the work has been articulated from an
organizational manpower perspective, the need for a formal model for the use of human resources
from a systems point of view has been identified in the systems architecting practice. Bruseberg
(2007) identified an architecture approach to identify individual attributes as part of system roles
in order to identify gaps in task assignments that would impact system performance. Handley
(2017) discusses the need to define the human capabilities that result from matching qualified
soldiers to technology tasks in order to better define trade-offs between soldier assignments. In
this sense, a capability is the opposite of a “gap”. Human interactions with both systems and other
humans have become a key concern of system engineers as systems continue to grow in scale and
complexity, and as humans continue to become key components of the system and impact its
performance (Orellana and Madni, 2014). Thus, systems engineering is concerned with the total
view of the system and must necessarily relate to the enterprise or organization for whom the
system is being built, including its people and processes (Sage & Lynch, 1998). System support
for enterprise architectures defines the structure and operation of an organization to determine how
an organization can most effectively achieve its current and future objectives. A model to evaluate
the capability and gaps of its personnel is a necessary part of this assessment.

1.6 Dissertation Outline
This research follows the Design Science Research framework laid out by Hevner (2007).
The ensuing chapters are aligned with this methodology. Specifically, this chapter has identified
the problem and the motivation for the research. Chapter 2 provides a literature review of the
current methods and models to identify position requirements and worker requirements. It
identifies the gap in the body of knowledge on the determination of a skills gap. Based on the
shortcomings of the existing models, the solution requirements are defined. Chapter 3 discussed
Design Science Research as an methodology to address this problem, and articulates the research
objectives and methods to achieve this goal. Chapter 4 provides the composite model development
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and the algorithm design. Chapter 5 discusses the demonstration to elicit user feedback on the
utility of the model and algorithm to identify the skills gap from both a position and worker
perspective. Chapter 6 evaluates the data collected at the demonstration based on the established
criteria to determine if the composite model and algorithm achieve the research goal. Finally,
Chapter 7 offers an outline of strengths, limitations, and implications of the proposed framework
to the body of knowledge and practice of systems modeling and architecture. It provides the
communication plan to different stakeholders to conclude the Design Science Research method.
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2. LITERATURE REVIEW

This chapter provides a review of the literature in this domain, including the terminology
used as well as the definition of the “skills gap” problem. It reviews and compares existing workerto-job fit models and other methods used to match personnel to positions. It discusses the
difficulties of identifying and quantifying worker qualifications as well as position descriptors. It
also provides the criteria to evaluate the existing models in order to identify the gap in the body of
knowledge that this research will address.

2.1 Domain Terminology and Skills Gap Problem
The skills-gap problem can be considered an equation. The objective is to ensure that the
requirements of the positions on the left side of the equation correspond to the worker
qualifications on the right side. If there is an imbalance, the differential is the “skills gap.” Part of
the difficulty with this research domain is the differences in terminology that is used to describe
both the position and the worker, along with their corresponding attributes. This section will
describe the terminology used in this field and identify the basic skills gap model that will guide
this research and be used to evaluate existing models.

2.1.1 Terminology

A job position is typically described by the roles and responsibilities that detail the
functions, tasks, and work that a worker in the position needs to be able to perform. A function is
an activity that a worker is required to complete. The activity can then be broken done into tasks
and subtasks which are detailed pieces of work. Work is defined as the mental or physical effort
done to achieve a result. Using these three components, position requirements can be articulated.
In the System Engineering domain, human functions are determined from overall system
functions and decomposed to the task level. These tasks are then grouped into roles, and roles are
grouped into a position that can be assigned to a single individual (Bruseberg, 2008). Position
requirements are determined based on the competencies required for each constituent role and its
associated tasks. Note that from the job position perspective, the requirements are derived from
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the human function requirements in part of a larger system context; thus, the language of the job
position is grounded in the overall system components and goals.
The Human Role Strategy, developed during the system requirements analysis phase,
articulates the plan for human involvement in a system that will be used to guide further function
allocation, and thereby define the worker roles in the system. (DD 21 ONR, 1998). The tasks, roles
and requirements comprise definitions that mutually depend on each other. For example:
• Tasks determine required skills and knowledge
• Existing role definitions may influence position descriptions
• New roles may be defined based on new human function allocations
On the position side of the equation, the system is reviewed to determine roles and
responsibilities of the position. All the work that this position is required to complete is analyzed
and all the related functions, tasks, and sub-tasks needed are detailed to ensure all the requirements
of the position are identified.
On the worker side of the equation resides the qualifications that the worker possesses that
should meet the requirements to perform all the required functions, tasks, and work of the position.
In the combined work by Wilson, et al. in 2012, knowledge is defined as information and facts
acquired by a person through experience or education; knowledge represents the body of
information applied directly to the performance of a task. Skills are defined as the manual, verbal,
or mental ability to do something well; skills are the result of a learned task. Abilities are defined
as possession of the means to perform an activity or task; abilities are the observable behavior to
perform a task. “Others” typically refers to all the other attributes that are not easily categorized
into the knowledge, skills, and abilities grouping. This could include items such as being able to
perform specific work activities or tasks. The combination of knowledge, skills, abilities, and other
are typically referred to as KSAOs and are the worker’s qualifications.

2.1.2 Skills Gap Model
In order to be successful in the position, the worker’s qualifications have to meet the
position requirements. Note that from a worker’s perspective, qualifications are determined from
past training that can be codified as KSAOs and applied to other jobs. From the position
perspective, the job descriptions are determined from roles and responsibilities based on the work
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or system that is being operated. The difference between the two sides of the equation is the “skills
gap.” The worker to position model can be generalized as shown in Figure 4. This model can be
used to evaluate existing models and identify the gap in the body of knowledge that this work will
address.

Figure 4. Domain Terminology

For a model to be able to identify and quantify a skills gap, the first and main requirement
is that it has to be able to compare the position requirements and the worker qualifications. To do
this it must be able to compare the position functions, tasks, and work to the worker’s KSAOs. To
make this comparison these descriptors need to use the same language. Then, to make the skills
gap calculation the two sides can be compared using the equation shown in Figure 2.
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2.1.3 Criteria to Evaluate Existing Models

To evaluate existing skills gap models a consistent set of criteria is needed. Some of the
most current and popular worker-to-position models will be evaluated to review their purpose and
to determine if they detail the worker requirements, position requirements, or both. The data
collected will be reviewed to see if it is comparable. To ensure it is comparable it must be
quantifiable. How the information is collected and how frequently it is updated will also be
reviewed. The robustness, if the data is actionable, and the “ease of use” for each model will also
be reviewed. All of these criteria are summarized in Table 1.

Table 1. Model Evaluation Criteria

To be beneficial, a new model would have to be generalizable, it would have to provide
both the position requirements and the worker qualifications (both perspectives) in the same
language, would have to be adaptable to any domain, allow for comparison (quantifiable data), be
quick and easy to use (usability/burden), and provide accurate and actionable data (robust). These
aspects should ensure that the model facilitates quick and easy identification of position
requirements, as well as being able to quantify the level of a particular skill that is needed.
Each area will be evaluated to determine if it is acceptable (A) and would meet the needs
of this research of it would need improvement (NI). After each of the models is evaluated, the
combined results will be reviewed.
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2.2 Existing Worker to Job Fit Models
Several comprehensive, worker to job fit models have been identified. Four of the most
predominant ones are discussed in this section. The first model was developed by the Office of
Personnel Management to classify its Human Resources workforce. The next two models were
developed by Department of Defense organizations, as the military has a strong need to quantify
both its positions and its personnel in order to manage its manpower effectively. The most
comprehensive model has been developed by the Department of Labor. This model has been
widely validated and has been used extensively in research applications. This section reviews these
four models and evaluates their strengths and weaknesses based on the criteria identified in Table
1.

2.1.1 Office of Personnel Management MOSAIC model
One of the early drivers of the use of KSAOs was the US Office of Personnel Management
(OPM). OPM conducted government wide occupational studies to collect information on human
resource management functions. The OPM Delegated Examining Operations Handbook (2007)
described the measured KSAOs, behaviors, and other characteristics identified for a worker to be
successful in a position. This set of information was identified as a competency. The OPM’s goal
was to define a set of common tasks and competencies used to describe all occupations included
in the study in order to structure human resources functions and to provide workers information
on the factors on which they are selected, trained, and evaluated. KSAOs for a position were
identified, and based on the applicant written responses, the level of their ability was graded to
determine if the applicant was able to demonstrate the requirements and a decision was made
whether or not to move the applicant to the next step of the application process. According to the
OPM Handbook, a score above 70 out of 100 was required to move on in the process.
However, criticisms of this approach led to a decreased use of KSAOs in the application
process. The method of determining applicants’ appropriate KSAOs was a long process and led to
discouraging individuals to apply for positions. Because of this, there was a Federal initiative to
phase out the KSAO essays (Kay, 2011). Additionally, some well qualified applicants were not
identified based on the KSAO system. While the set of KSAOs had been determined for each
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position, it was up to the applicant to provide a narrative that could be rated to determine the
applicant’s alignment with the requirements.
The government wide study, Multipurpose Occupational Systems Analysis – Close Ended
(MOSAIC) was an attempt to document the competencies needed for almost 200 Federal positions.
This system was based on studies performed over several years and represents the position
requirements. The position information is based on these closed studies while the worker
qualifications would have to be determined through the KSAO essay method previously described,
which has a Federal initiative to phase out this process. The OPM Handbook does describe an
extensive job analysis methodology. The methodology states for a SME to detail the important
competencies and to rate them, but there is not a consistent comparison method based on common
terminology. While there is a lot of good information related to identifying the position
requirements, making the position-to-worker comparison is difficult using this model. The model
evaluation summary is shown in Table 2.

Table 2. MOSIAC Model Evaluation

2.2.2 Navy’s Human Capital Object (HCO) Model
The HCO (Human Capital Object) Conceptual and Logical Data Model, shown in Figure
5, is a worker to job model developed for the US Navy. It captures the requirements and status of
both Navy work and individual Sailor career activities and plans (Ross et al., n.d.). This model
was an attempt to match individual sailor profiles (HCOi), the right side of Figure 5, with known
position requirements (HCOr), the left side of Figure 5, to help sailors manage their careers.
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Figure 5. Navy’s Human Capital Object (HCO) Model

The HCO model is extensive and accounts for a wide variety of variables. On the position
side, this model captures work requirements, workplace requirements, worker requirements, and
history. On the worker side, the model captures preferences, the individual profile, professional
history, and status. Additionally, for both the work requirements and the professional/personal
characteristics there is a set of metrics.
The HCO model provides a framework for matching personnel skills and work
requirements. It also has good start in identifying KSAOs using the SkillObjectsTM based
taxonomy. SkillObjectsTM uses detailed descriptions of occupational tasks. The skills contain
unique Knowledge, Skills, Abilities, Tools, Tasks, and Resources KSATTR) to describe the
position requirements (Ross et al., n.d.). These are similar but not the same as the descriptions used
by OPM in their MOSAIC project. Enterprises recognize the need to identify needed KSAOs but
there is not common database and the focus is typically on the position requirements. There is a
need to detail the worker qualifications using the same database so that comparisons can be made.
The shortcomings for the HCO model are that it is complex and collects data in many areas
making it time consuming and cumbersome to use. Some of the data collection areas are shown in
Figure 6. To be useful, the methodology and system would have to be simpler and quicker to use.
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Figure 6. Human Capital Object (HCO) Data Collection Areas

For the HCO model evaluation, Ross et al. note the need to align work requirements to
position (billets) and match these with the correct personnel. While the HCO model does provide
a strong framework for a worker-to-position comparison, there are several areas that would need
to be improved. The HCO model evaluation is shown in Table 3.

Table 3. HCO Model Evaluation

2.2.3 Job Assessment Software System (JASS)
In 1983, an Army project developed a program that was easy to use and could quickly
specify the requirements for a position. The result of the project was the Job Assessment Software
System (JASS). Fleishman and Quaintance (1984) added to the existing JASS work by improving
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the taxonomy of aptitudes and started to develop relationships between them. The program allows
the user to define and add metrics for the human aptitudes required to do a job (Knapp and Tillman
1998). The program also allows the user to identify the aptitudes required for a job and scale the
amount of the aptitude that is required (Garneau, n.d.). The program allows subject matter experts
(SMEs) to break the aptitude down to the taxonomy of skills and abilities identified by Fleishman
in Table 4 to define what is needed for a position. This approach provides a consistent terminology
domain on the position side to identify and quantify the requirements of a job or position.

Table 4. Taxonomy of skills and abilities (Knapp and Tillman, 1998).

This work is a good start towards developing a quantifying solution to identify skills gaps.
By using Likert scale slide rules with logical anchor points, easy to understand metrics are applied
as shown in Figure 7.
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Figure 7. JASS Logical Anchor Points

This program can be used to identify job requirements for positions categorized as
military occupational specialties (MOSs). This program also allows the requirements between two
MOS categories to be compared to determine if personnel from one classification might be able to
perform in another classification. The other benefit of this program is it also permits visualization
of the results and allows the data to be easily exported into other programs.
The underlying decision model provided by the program allows the user to identify the
aptitudes required for a job and the amount of the aptitude that is required based on a seven-point
scale. The questions and scale criteria are also shown in Appendix A. JASS details every aspect
of an activity. The JASS method breaks each job into an assignment. The analysis time needed for
a single job assignment can take up to 26 minutes, as shown in Figure 8.

Figure 8. JASS Time Required

The problem is that it is not unusual for a position to have at least 100-200 assignments
when described at this level of detail. This would require over 40 hours to use JASS to identify the
types and weights for the different abilities for the position. With the current version of JASS it
would be possible to have SMEs use the program to detail all the requirements of the position and
also detail the abilities of the worker in an attempt to determine the gap, but this effort would be
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extremely time consuming and the current taxonomy is heavily weight towards physical attributes
as shown in Figure 9.

Figure 9. JASS Question Percentage

JASS does provide an updated method for making the skill/work requirement comparison
that many organizations would be interested in using. The logic used to detail assignment
requirements does allow the evaluator to skip irrelevant questions, but there are several concerns
with using JASS. First, to detail every assignment makes the process very time consuming.
Second, because it was first introduced in 1983 (over 30 years ago), it is heavily weighted towards
accessing job positions that are more physical. As the work environment is changing and jobs are
requiring more logic and reasoning over physical strength, better methods are needed to access
more technology focused job requirements. Thirdly, using the existing taxonomy, it would be
difficult to identify a skills gaps for many current positions. Finally, it is important that any skills
model yield reasonable results with a reasonable amount of effort in order to be beneficial. The
JASS model evaluation is shown in Table 5.
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Table 5. JASS Model Evaluation

2.2.4 Occupational Information Network (O*NET)

The Dictionary of Occupational Titles (DOT) was developed in the 1930s to match skill
supply with skill demand to help with the economic crisis of the times (Peterson et al., 2001). This
system was used for about 60 years and typically consisted of trained occupational analysts
traveling to the work site. At the worksite they would observe the work, conduct interviews,
document the aspects the position, and rate the occupation specific details. This was a very
resource intensive process. The job analysis activity is tedious work and needs to be updated
periodically to capture changes that have occurred over time (Clifford, 1994). Many organizations
have used the DOT information over the years to set up job descriptions and training requirements.
In the 1990, the Secretary of Labor started the Advisory Panel for the Dictionary of Occupational
Titles (APDOT). After reviewing the pros and cons of the existing DOT system, the improved
Occupational Information Network (O*NET) was developed. O*NET is an online resource
developed by the Department of Labor to serve “as a national benchmark that provides a common
language for all users of occupational information” (U.S. Department of Labor, 1993). The
information in O*Net is an accumulation and synthesis of job analysis research for multiple jobs
across multiple organizations (Campion, M. A. et al., 1999). This system contains a wealth of
information, with over 70 years of combined job analysis research. The foundation for this system
is the content model shown in Figure 10.
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Figure 10. O*NET Content Model
Retrieved February 28, 2018 from https://www.onetcenter.org/content.html

The goal of the O*NET content model is to define the key features of an occupation as a
standardized, measurable set of variables called “descriptors” (Retrieved August 17, 2018 from
https://www.onetcenter.org/overview.html). The descriptors capture the knowledge, skills, and
abilities to perform specific tasks and activities. The O*Net model is divided into six domains to
organize this information. The information contained in each of the sub-modules is as follows:
Worker Characteristics
This module lists the worker attributes and abilities needed to perform the work. It also contains
details about occupational interests, work values, and work styles. These can affect the worker’s
interest level, satisfaction level, engagement, and how they approach tasks.
Worker Requirements
This module contains attributes about basic skills, cross-functional skills, knowledge, and
education.
Experience Requirements
This module contains attributes about experience and training, basic skills – entry requirement,
cross-functional skills – entry requirement, and licensing.
Occupational-Specific Information
This module contains information such as title, description, alternate titles, tasks, and tools and
technology related to an occupation.
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Workforce Characteristics
This module contains labor market information and reviews the occupational outlook.
Occupational Requirements
This module contains a list of the generalized work activities.
The combination of these six modules, gives a good overall summary about what is needed
for a particular occupation. Much of the information collected could fall into multiple modules,
but the established framework organizes the information into an easy to understand model. O*NET
collects data from three primary sources: job incumbents, occupational experts, and occupational
analysts. The data is collected from questionnaire responses, interviews, and surveys. The O*NET
database is sponsored by the U.S. Department of Labor and is continually updated so that it remains
valid, reliable, and current. The descriptors used provide more detailed and encompassing
information than both the HCO and JASS models, and the framework provides a logical method
to sort through the data.
There have been many studies about the pros and cons of the new O*NET system. The
new raw data collection method for the O*NET system uses surveys and a simplified rating scale
for a self-job analysis technique. Peterson et al. (2001) described O*NET as “a highly useable and
inexpensive methodology for analyzing jobs”. The new system allows for quicker updates and due
to the use of new technology, the internet, the information is readily accessible for organizations
and academia. The potential cons have been cited as a potential job inaccuracy due to low response
rates or respondents basing responses on what they think management wants. Despite the potential
cons, most of the literature cites O*NET to be a great source of information. The O*NET model
is well defined and is still actively updated, and it provides broader information beyond just skills.
O*NET provides important job and occupational information that can be used to detail job
requirements and worker attributes, as well as descriptions of different types of generalized
workers.
The downside to O*NET is that a method is needed to parse this information down to an
acceptable level. Converse et al. (2004) stated that any application would have to work through
conceptual, methodological, and practical issues. Peterson et al. (2001) noted that for O*NET to
be a success, applications will have to be developed to use the data. O*NET is generic, pulling
from several job positions for an all-encompassing position description (see Figure 11).
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Figure 11. O*NET Position Description for Industrial Machinery Mechanics
The O*NET data collection occurs in what the O*NET program describes as waves. A
“wave” is a cluster of similar occupations. Figure 12 shows the grouping used for Industrial
Machinery Mechanics.

Figure 12. Industrial Machinery Mechanics
Retrieved February 28, 2018 from https://www.onetonline.org/link/summary/17-3029.09

This O*NET job description is a combination of 10 different related positions making it a
very generalized description, and the information for this combined job description also comes
from several different sources as shown in Figure 13.
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Figure 13. Industrial Machinery Mechanics Data Collection
Retrieved February 28, 2018 from https://www.onetonline.org/link/summary/17-3029.09

While this method is great for collecting lots of relevant information it would be difficult
to compare an existing organization profile to the O*NET database. There are too many variables
on both sides, the information is not in the same language, and the database is too generic for a
good comparison to identify skills gaps. Even the O*NET toolkit recommends using the extensive
database as a starting point to develop a thorough job description. In their example, the hiring
authority selected the key factors they felt were needed and then worked with existing personnel
to add in others they felt were important. The O*NET model evaluation is shown in Table 6.

Table 6. O*NET Model Evaluation
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2.2.5 Other Initiatives
The literature mentions several other skills matching and training initiatives such as Navy
Knowledge Online (KNO), Improved Performance Research Integration Tool (IMPRINT), and
Secretary’s Commission on Achieving Necessary Skills (SCANS). The KNO system was used to
allow NAVY personnel to access training content. This was set up to be a central self-educating
and learning portal. This system has shifted to “My Navy Portal” as of April 14th, 2017 due to
complaints of poor support, broken links, and unpopular interface. IMPRINT was developed by
the Army Research lab (ARL) and is a human performance modeling software and allows for
discrete event simulation. The software is being used to evaluate workload and overwork load
conditions. Future research with IMPRINT may include operator performance predictions and
fatigue in complex systems. SCANS was a government initiative that took place in the early 1990s
to determine what skills would be needed to have a successful high-performance, high-skill, future
economy. This report identified the need to classify and organize skills, “a new language” (Kane
et al., 1990), so that needed skills could be identified and proper training could be established, but
no clear path forward was identified.

2.2.6 Model Summary and Comparison
The models reviewed in the previous sections are summarized in Table 7. The review
criteria classify the strengths and weaknesses of each model and identify where the discrepancies
are in the overall model catalog to identify skills gaps at a reasonable level of rigor balanced with
ease of use.
Table 7. Model Comparison
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While each of the models have strengths, none of the individual models would be able to
provide the desired quantifiable skills gap analysis results alone. Reviewing the models, O*NET
does an excellent job of describing position requirements in term of descriptors and has methods
to ensure these job descriptions are updated. These descriptors could also be used to define the
worker qualifications. JASS has started a good method for data comparison and by using the slide
rules with logical anchor points so that metrics and a rating method can be added. The MOSAIC
project through OPM also discusses the adding metrics and using proficiency and frequency fields
but the JASS program has advanced this concept past the worksheets suggested by OPM. The
HCO model developed a strong framework for a comparison but has weaknesses with the
taxonomy and the application of metrics. The missing component is a model that can bring all
these features together and provide accurate and actionable data.

2.3 Methodologies to define Position Requirements and Worker Qualifications
In order to define a skills gap, both the position descriptors and the worker qualifications
need to be clearly articulated in a manner that is both comparable (are they the same?) and
quantifiable (is the degree of fit sufficient?). As shown in the model evaluation, models usually
support only one side of the equation, i.e. defining the job position requirements or defining the
worker qualifications. A skills gap model needs to be able to address both sides of the skills gap
equation shown in Figure 2 in order to determine the degree of fit.
Position requirements need to adequately define what is required to perform the work and
the worker qualifications need to adequately capture the KSAOs of the person; these two sides
need to be comparable. In order to accomplish this, they need to use the same taxonomy. The
descriptors used to identify what the position needs must also be used to identify the worker’s
KSAOs. This section will review some of the other KSAO identification methods currently being
used.

2.3.1 Identifying KSAOs
In the work by Ross et al. (n.d), the group reviewed the use of SkillObjectsTM in order to
compare tasks and the KSAOs required. From the Navy ILE Learning Objective Statements
Specifications and Guidance (MPT&ECIPSWIT-ILE-SPEC-1), SkillObjectsTM are defined,
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measurable, and detailed descriptions used to define the job requirements for position. These are
the knowledge, skills, tools, abilities and resources (KSATTR) that are used to detail the work
requirements. Their research stated that this information, with further development, could provide
a foundation for a capability-based model. The research shows the need for a strong taxonomy for
the KSATTR identification and comparison.
There have been several projects started with the intent of identifying KSAOs for a
position. In 2006, SkillsNET received a $35 million-dollar contract to provide operation,
maintenance, analysis, training, technical services, and a commercial-off-the-shelf Skills
Management System software application suite (“US Navy Spends $35M”, 2006, para. 1), (Moore,
2006). The goal of the program was to define skills necessary for a particular position and identify
training and career development opportunities. Finding information about the results of this
activity has proven difficult. Another research project references the use of SkillsNET in other
areas. Reiter-Palmon et al. (2006) researched developing a web-based tool using the job analysis
process adapted from SkillsNet (see Figure 14). For this job analysis process, there are several
steps requiring multiple personnel. This activity would be time consuming, and the organization
and evaluation of data collected is complex.
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Figure 14. SkillsNET web-based job analysis process (Reiter-Palmon et al., 2006)

2.3.2 Military Occupation Specialties
The military’s use of Military Occupational Specialties (MOS) provides a consistent
method to identify specific position requirements. Individuals assigned to a position category must
pass all required training to become qualified in the MOS. The use of MOS or (ratings for the US
Navy) provides the basis for detailing and training, as well as some alignment with civilian
employers. A worker will have to have all the required KSAOs to fill the MOS position. As the
military has evolved so has the need to improve the MOS system. Shipman and Finley (1989),
collected information to address the following three questions:
1. Does a new MOS need to be created to support a new system?
2. Should new requirements be merged with an existing MOS?
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3. Does the family of branch MOS and career management fields (CMFs) need to be
restructured?
These are the same questions that are being asked 30 years later. A better system that can
easily identify the required KSAOs needed for a position and the ability to compare positions is
needed.
Another issue facing military personnel is the transition to the civilian workforce. Because
the military MOS system uses yet another taxonomy to define position requirements, matching
these to any of the several methods used by private industry is difficult (“Get”, 2012). There is a
strong need to recognize and translate military skills to civilian positions, especially in advanced
manufacturing.

2.3.3 Generating New Position Descriptions with Key Words
When a new position is created, work goes into identifying why the position is needed and
the job requirements are detailed; it is important to detail the work requirements (KSAOs) to ensure
the person selected will meet the objectives of the position. Existing position requirements may
have changed due to new technology or a shift in the organization’s focus. For a “good” workerto-position fit, it is critical to be able to specifically and quantitatively identify what is needed for
these positions. In industry, in contrast to the military, positions are usually described using
keywords or phrases that identify the main aspects of the position. Each organization often has its
own position descriptors.
Position requirements are usually generated when a new position is created and a worker
needs to be assigned. By reviewing a typical hiring process (Figure 15), it can be seen that the first
part of the process defines the position requirements (the worker requirements) and the second part
identifies the worker skills (the individual profile). This is similar to the Navy HCO model detailed
in section 2.2.2.
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Figure 15. Typical Hiring Process

Typically, the first step in the process is to sort through potential candidates to compare the
position description to resumes, applications or curriculum vitaes (CV) to identify the applicants
that would appear to be the best fit. With the increased use of technology, many organizations are
utilizing online job applications such as USAJOBS.gov, NASA STARS (STaffing And Recruiting
System) w/Resumix, Monster.com, and Indeed.com that automate this selection process. Because
of the large volume of applicants for certain jobs, programs with specific algorithms are being used
to search online resumes. These systems are often referred to as applicant tracking systems (ATS).
The ATS systems use algorithms that search for keywords and the number of occurrences of these
words to determine which applicants can move to the next stage of the process. i.e., having the
resume reviewed by the hiring official. This reduces the amount of work that is required and allows
the hiring group to focus on the most qualified applicants.
The use of keywords for position descriptions can be problematic. Table 8 shows some
technical keywords that are very similar. If the selection software is programmed to look for
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specific words, it will miss the others and may exclude qualified applicants. Some of the more
advanced algorithms are linking the different keywords to be more accurate with their analysis.

Table 8. Examples of Technical Keyword Synonyms

Another issue is that different organizations with the same job title could need completely
different personnel. For example, an organization with a lot of injection molding machines would
want a mechanic with a great deal of hydraulics experience whereas an organization that has small
air operated (pneumatic) machines does not need a mechanic with any hydraulic experience.
Although both have the same job title of mechanic, the job requirements can be completely
different. Because organizations can have a large difference in needs for the same job title, they
need to be able to quickly and easily identify a position. To further define the position the
organization should be able to quantify how much of a particular aptitude is needed. Referencing
the prior example, an organization does not need a hydraulics expert if there are no hydraulic
machines. They may want some hydraulic knowledge, but they would weigh pneumatic
knowledge a great deal higher. It is important to focus on the requirements of the position rather
than the title of the job.
Similarly, the practice of keeping job descriptions very generic or vague with the intent of
shifting employee responsibilities is also problematic. Adding “other position duties as required”
as a catchall phrase results in a very generic position description. Without clear definition of what
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is needed, it will be difficult to identify any skills gaps between the position description and the
potential personnel.

2.3.4 Extracting Worker KSAOs from Resumes

Resumes are where workers capture their work experience using keywords and phrases
based on their background. As mentioned, the keyword synonym issue may inadvertently exclude
a qualified applicant, or an applicant may not have included enough information to be considered,
even if they were qualified. An issue is that as applicants learn how the system works, they can
cater the applications to jump past the initial “keyword search” hurdle. By using the same
keywords found in the job description and using multiple instances of the keywords, the
application will be automatically moved to the next stage. To prevent this practice, organizations
are starting to put warnings on their job postings. The following warning was included in a
USAJOBS posting (2018) for a NASA engineer position: “Deliberate attempts to falsify your
application information, such as copying portions of this job announcement into your resume, may
result in you being removed from consideration for this position.” As noted by online articles
covered by LinkedIn (Peggs, 2015) and Forbes (Steinfield, 2016), many applicants are aware of
how these search engines function and there is a concern that resumes will become copies of the
job description just to overcome the Applicant Tracking Systems (ATS).

2.3.5 Job Analysis

In manufacturing, when a new machine is needed, the machine specifications and details
are thoroughly thought out and planned, e.g., what the machine has to do, what it makes, how
much it needs to make, how fast it needs to make it, etc. are clearly defined. When looking at job
positions a similar approach should be taken. Many organizations use an activity called a “job
analysis” to determine what is needed for a position. A job analysis is the process of defining the
work, activities, task, products, services, or processes performed or produced by a worker
(Clifford, 1994). To perform a proper job analysis, workers that are currently in that position are
typically interviewed to help define the job requirements. Managers and subject matter experts are
often also consulted for their input. All three groups will use their own terminology and phrases
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when detailing a position which may create discrepancies when trying to compare what is required
to potential workers.

2.3.6 Summary of Methodologies
Currently, positions are usually described using keywords or phrases that identify the main
responsibilities of the job. Each organization develops its own job description identifying the
KSAOs that it feels are important. The challenges of identifying job requirements include
determining what to select, distinguishing different terms for the same attributes, rating the
importance of each requirement, and the frequency that the skill is needed. In much of the literature
it states that the hiring organization will be trained to discern the requirements from the resume;
however, there is no mention of how this is done (Galagan, 2010). This is an important step in
hiring personnel and for determining training requirements, but the details for performing this
activity are not clear.
Reviewing the current methods, position descriptions and MOSs detail what is required for
a position. They have some similarities as they both attempt to define the position requirements
and may use some of the same taxonomy. The resume and KSAO essay are also similar and may
use some of the same taxonomy. The main issue is that although some of the descriptors may be
the same, in order to perform a consistent comparison between the position and the worker, both
the position and KSAO descriptors also need to be from the same taxonomy. There are several
methods to detail the position and worker requirements but there is not a consistent terminology
that can tie them all together. An encompassing taxonomy is needed to describe both the position
requirements and the worker qualifications so that matching and comparisons can be conducted
effectively. The Venn diagram shown in Figure 16 describes this partition.
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Figure 16. Terminology Issue

Additionally, the position requirements need to be captured in a common format that allows
the organization to add metrics that can be used for evaluation. By allowing organizations to apply
metrics as they identify what is needed for a position, they can ensure that they get the right worker
or can train in the correct area when a gap is identified. The same issue applies to the position
requirements for identifying the worker KSAOs. Both need to be in the same language for any
type of comparison to be successful.

2.3.7 Gap in the Body of Knowledge and Requirements for a Skills Gap Model

The following criteria were identified in section 2.1.3 for a successful skill gap model: the
ability to detail the position requirements, the ability to detail the worker qualifications, and the
ability to quantifiably compare the two using metrics. The model would also need to have up-to-
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date information, be robust enough to be generalizable to any domain, and easy to use so that it
would provide actionable results within an acceptable amount of effort.

Table 9. Model/Initiative Summary

The summary tables shown in tables 7 and 9 indicate that while some of the models have
many capabilities, none of the existing models meet all criteria. The gap in the body of knowledge
is the ability to identify a skills gap and the model features that must be in place to support this.
This is shown in Figure 17.
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Figure 17. Literature Gap

The gap in the body of knowledge identifies the need for a generalizable model that provides both
the position requirements and the worker qualifications (both perspectives) in the same language,
is adaptable to any domain, allows for comparison (quantifiable data), is quick and easy to use
(usability/burden), and provides accurate and actionable data (robust). None of the existing models
provide a clear path for skills matching or provide an easy method to quantitatively identify skills
gaps.
The focus of this research is on developing the underlying model and algorithm to quantify
the “skills gap” that describes the distance between the position requirements and the worker’s
qualifications in a consistent, efficient and usable manner and to provide accurate and actionable
data.
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3. METHODOLOGY

This chapter begins by reiterating the gap in the body of knowledge identified at the end
of Chapter 2 and provides a research methodology to create a model that addresses the identified
gap. The research gap can be described using a diagram to show the strengths of existing models
that can be leveraged in the skills gap model. The next section describes Design Science, a research
methodology often used in the information sciences and elsewhere with the explicit purpose of
improving existing models and methodologies. The steps for this research, aligned with the Design
Science Research Methodology, are then articulated.

3.1 Addressing the Research Gap

The results of the literature review revealed a gap in the body of knowledge regarding
worker-to-position fit models that support the identification of a skills gap, i.e., the mismatch in
position requirements and worker competencies provided as actionable data. However, the review
in Chapter 2 indicates that some existing models partially meet the requirements for such a model,
and a solution model can leverage these modeling frameworks; i.e. the solution model is a
composite model of the previous models with an improved algorithm. This approach satisfies the
requirements, as shown in Table 10.

Table 10. New Composite Model
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As shown in the table, using the strengths of each model, it is possible to design a new allencompassing model. The architecture of the composite model is based on the structure of the
existing HCO model to compare position requirements and worker qualifications. The improved
algorithm is based on the decision path logic from the JASS program augmented with specific
scaled KSAO constructs; this will provide a framework that allows a “skills gap” to be
quantitatively identified. The position requirements and the worker qualifications will both be in
terms of O*NET descriptors. Figure 18 shows how the composite model aligns and supports the
skills gap model.

Figure 18. Architecture of the Composite Model

The O*NET database used on the position requirements side is shown in light yellow, and
the O*NET database used on the worker qualifications side is shown in light green, the HCO
model is shown in orange, and the JASS program is shown in light blue. Using the strengths of all
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these together, the overlap in this Venn diagram is shown in dark blue. This dark blue section is
the new composite model, the Skills Gap Analysis Model (SGAM). The benefit of combining the
HCO model, the JASS program method, and O*NET is that the focus will be on the specific
“position requirements” needed (from the organization side) and the “individual profile” (from the
worker side) and how these can be compared to identify the gap. The key factor for success will
be developing a model that can identify the specific KSAOs, a rating process, and calculating the
distance that represents the skills gap. O*NET utilizes descriptors to identify knowledge, skills,
abilities, and others (KSAOs) required for a position. These descriptors use words and phrases that
can identify the position requirements and can also be used to detail the worker qualifications. By
basing the model on the O*NET descriptors and having existing personnel use the same descriptors
to detail their positions, the model can make a consistent comparison.
As described in Chapter 2, there is much variability in the use of KSAOs. In order to have
a consistent methodology and because of the availability, wealth of information, and research
already invested, the O*NET database with its descriptor method will be used to describe both job
positions and worker qualifications. O*NET collects data from three primary sources: job
incumbents, occupational experts, and occupational analysts. The O*NET database is continually
updated so that it remains valid, reliable, and current. However, at issue is the ability of the data
to be parsed in different ways so that it can be used to efficiently determine the requirements for
different positions and compared to workers to identify skills gaps. This will require an updated
algorithm to support the data identified in the model in order to calculate the skills gap.
The rating process will determine the best way to apply metrics to these descriptors for
quantitative analysis. Using scaling metrics to include proficiency, importance, and frequency the
algorithm will generate the detailed job requirements. The model will provide a quantifiable
comparison of the fit of existing personnel to the position. The skills gap can then be represented
as a distance between the two sets of parameters.

3.2 Research Approach

The research method adopted is based on the design science approach. Design science is a
research methodology typically associated with information systems that uses existing knowledge-
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based models, referred to as artifacts, with the intent of improving these artifacts (Hevner et al.,
2004). The result is an improved artifact that increases the understanding of a problem domain.
The improved artifact should increase the effectiveness and efficiency of an organization. In this
case the problem domain is the ability to efficiently and quantitatively identify skills gaps. The
starting artifact is a database of position descriptions (O*NET database). This research process
will result in a new model that improves efficiency, uses common terminology, and allows a
quantitative analysis of the skills gap. The general design science research process is shown in
Table 11.

Table 11. Design Science Research Methodology (DSRM) (Geerts, 2011)

Design Science varies from many typical research activities as it is not describing or
explaining an existing phenomenon but searching for ways to improve one. This shift from
traditional research offers a great deal of potential to many research areas as it can provide
solutions for known problems. Design Science can be applied to this work to address the ability to
identify and quantify the “skills gap”. Using the format developed by Geert (2011), a similar table
for this research is shown in Table 12.
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Table 12. DSRM – Identifying and Quantifying Skills Gaps

3.3 Research Examples
The Design Science Research Method (DSRM) varies from typical research, but as
technology and issues have evolved, the need to address them also has evolved. Several researchers
note that even before the DRSM was named it was being used in the information technology (IT)
field to improve computer systems and software (Hevner et al., 2004), (Vaishnavi et al., 2017).
These researchers also note that the method is not limited to the IT field. The DSRM allows
researchers to investigate a relevant issue – what has been, what works, what doesn’t – and evaluate
this information so that it can be used to create a new artifact that solves the problem. In recent

42
years there has been increased interest in this method. Based on a Google Scholar search, the graph
of the number of DSRM journal articles shows the increase over the last 14 years.

Figure 19. Design Science Research Method Usage

A recent example is the work by Amissah (2018). Amissah’s research evaluated the
existing System Modeling Language (SysML) and identified the system engineering need to
improve the support of time-based simulation models. The artifact was a new model and
framework that served as a testbed and guide for future work. This research follows a similar path.
Instead of various computer languages there are various position descriptions and personnel
qualification methods being used. There is the same need to develop a testbed and guide to properly
identify both sides of the equation shown in Figure 2 and create a new model that allows for a
quantitative comparison to identify a skills gap.
Other examples of the DSRM use include improving decision support systems (DSS)
development in organizations (Arnott, 2005), improving construction purchasing (Bemelmans,
2014), and improving work-flow ergonomics (Valentin, 2015). All three of these examples follow
the Design Science Research Method to design a practical solution to real world issues.
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3.4 Application of Design Science Research Method
Throughout the model development, an example will be used to illustrate the development
process in context. The example will focus on Manufacturing Production Technicians (see Figure
20). The manufacturing technician position was chosen because of the detailed information
available in O*NET, the access to personnel in those positions; with the push for more US
manufacturing, this is a critical area. While the new artifact will be developed using the
manufacturing production technician’s example, the resulting skills gap analysis model is
generalizable to other domains.

Figure 20. O*NET Summary for Manufacturing Technician
Retrieved February 28, 2018 from https://www.onetonline.org/link/summary/17-3029.09

3.4.1 DSRM Step 1 – Problem Identification and Motivation
The introduction section to this thesis identified the motivation for this problem. In
summary there is a need to identify skills gaps in personnel in an efficient and quantifiable method.
Much of the literature states this is an important step in hiring personnel and for determining
training requirements, but the details for performing this activity are not clear. Skills gaps are
costly for organizations; with a better model to identify position requirements and worker
qualifications, organizations can move personnel to better suited positions or utilize needed
training in the specific areas identified.
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3.4.2 DSRM Step 2 – Define the Objectives of a Solution
The literature review concluded with the requirements for a model to address the skills gap
issue, namely the model must specifically quantify the difference between the position description
and the personnel qualifications. In order to do this, the model needs to be able to detail both the
position side and personnel side in the same language and allow for a detailed comparison. The
resulting artifact must be adaptable to any occupation and give quantitative results to help
determine person to job fit and help identify gaps.
3.4.3 DSRM Step 3 – Design and Development of the Artifact

This step of the Design Science Research Methodology develops the new artifact based on
the problem identified in Chapter 1 and the model requirements articulated in Chapter 2. This step
of the research will develop a Skills Gap Analysis Model based on the HCO model, the O*NET
model, and a modified version of JASS as shown in the architecture of Figure 18. The HCO and
O*NET models provide the framework for the comparison. The original JASS model was
developed to identify position requirements. JASS is based on an underlying model of skills and
abilities and utilizes a decision tree to select and pass over non-relevant questions and allows the
evaluator to apply weight to position aptitudes. By using weighting levels, quantitative analyses
can be applied. Some of the functionality of the JASS model is relevant in the development of an
improved algorithm to parse the O*NET data.
By combining the HCO and O*NET models and some of the aspects of JASS, the resulting
model can be used to evaluate the position requirements, the worker qualifications, and the fit of
a worker to the position. O*NET utilizes descriptors to identify knowledge, skills, abilities, and
others (KSAOs) required for a position. By applying metrics and scales to these descriptors, the
position can be quantitatively evaluated. The proposed model will include a quantitative fit/rating
and allow for the comparison of the “worker requirements” and the “individual profile” to help
identify skills gaps and training opportunities. The research challenge of the model development
will be to develop a methodology to determine how to parse and apply the O*NET data in a way
that is conducive to describing a position and designing an algorithm that can compare this output
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to the existing individual profiles using quantitative O*NET database descriptors. The
development of the new artifact, the skills gap analysis model, will be detailed in Chapter 4.

3.4.4 DSRM Step 4 – Demonstration

The model will be implemented in an Excel spreadsheet so that organization personnel can
evaluate the utility of the model, i.e., does the model efficiently provide a quantitative skills gap?
Additionally, the results can be used to confirm the internal validity of the model; that is, to ensure
that there is consistency in the model results and that the outcomes are warranted from the data
selected. Because this step involves consulting with human subjects, an application was filed with
the Old Dominion University Institutional Review Board. This exempt research was approved,
and the letter was received January 2, 2019 with IRB # 1310084-2.
The demonstration for this research involves using the model to characterize a specific
position from both the position side and the worker side. A minimum of three subject matter
experts (SMEs) will use the interface to detail a specific position within the technical domain case
study. Using the same tool, at least five existing workers, industrial maintenance technicians
(Technicians) from a local manufacturing facility will detail their positions. The quantity three was
chosen for SMEs to make sure responses are anonymous. The quantity of five was chosen for the
technicians because of the wider variation in worker capabilities and perceptions. Based on the
research by Nielsen (2000), five users yield good results identifying greater than 75% of the
usability issues.
The SMEs will use the model and algorithm to quantitatively detail the position
requirements in terms of the O*NET descriptors. The SMEs will be chosen based on their
experience and reputation for being an expert in their field. The SMEs all had greater than 20 years
of experience in the manufacturing field and are currently supervisors of technical teams.
Likewise, current personnel in these positions will also quantitatively detail their qualifications.
Because current position descriptions may be outdated or incorrect it is important to get a more
accurate overview of the current position, and the best source would be for the existing personnel
to detail the position. This also ensures that both sets of data are in O*NET descriptor terms which
will allow for a consistent comparison.

46
The new model provides a common representation of skills from both the position side and
the personnel side. The algorithm will compare the two sets of data. The comparison will determine
if there are any gaps between what the SMEs feel the position requires and the skills of the existing
personnel. By applying metrics, the worker-to-position fit can also be quantitatively determined.
After completing the demonstration activity, the SMEs and current personnel will complete an
opinion survey regarding the suitability and relevance of the model to meet its stated goals. The
survey will provide additional results for the evaluation of the model criteria of robustness and
usability in the next DSRM step. The demonstration will be detailed in Chapter 5.

3.4.5 DSRM Step 5 – Evaluation

The results of demonstration activity will be used to evaluate the degree to which the skills
gap analysis model meets the requirements outlined in Chapter 2. By using SMEs to specifically
identify what is needed for the position and having existing employees in that position,
Technicians, identify their qualifications, the new Skills Gap Analysis Model will quantitatively
identify the distance between the two, the skills gap. The demonstration results will be used to
evaluate the new artifact on the five identified criteria: Single Taxonomy, Comparable, Adaptable,
Actionable, Usable.
Additionally, the data collected for both the SMEs and Technicians will be evaluated to
determine the model reliability. The qualitative data collected from the opinion survey will be used
to determine if the model meets the user’s needs. Any issues or areas for improvement will be
identified. The evaluation will be completed and described in Chapter 6.

3.4.6 DSRM Step 6 – Communication

The communication plan will be described in Chapter 6. The communication plan will
include various stakeholders in this research: researchers, system engineers, Human System
Integration professionals, and human resources professionals. The conclusion along with the
overall findings from this study will be captured in this thesis and journal article submissions;
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detailed requirements are critical to determine a proper fit of a worker to a position. The detailed
position description also lets candidates know specifically what is being required for the position.
Likewise, accurate position descriptions are needed that use the same “language” as the worker
qualifications so that comparisons can be made. By comparing the accurate position requirements
directly to worker skill sets, current workers can be evaluated directly to determine the fit with the
position. In addition, the results will be discussed with the organizations that participated in the
demonstration

3.5 Summary

This research will develop a new artifact following the DSRM paradigm. The new
generalizable model will be developed to reduce the large O*NET job analysis database into a
condensed list of requirements for a position that can be used to provide a profile for a position
description. The model also uses this database to detail the worker qualifications using the same
methodology. The accompanying algorithm will provide a quantifiable comparison of the fit of
existing personnel to the position. In this chapter, the methodology to develop the artifact has been
described and the planned research aligned with the steps: Problem Identification, Solution
Objectives, Artifact Development, Demonstration, Evaluation, and Communication. Additionally,
the chapters of this thesis have been aligned with the Design Science stages, as indicated in Table
11.
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4. MODEL DEVELOPMENT

4.1 Introduction

A synthesis of the HCO, JASS, and O*NET models augmented with domain specific skills
and metrics was developed for use in evaluating the gap between personnel and positions. The
strength of this new model is that it identifies specific knowledge, skill, ability, and others
(KSAOs), including scaling metrics, using the same descriptors for both the position requirements
and worker qualifications. This then allows a distance measure to be computed to quantify a “gap”
between the position and the assigned personnel. The resulting model provides a better method for
organizations to identify gaps to determine if existing personnel meet the position requirements.
This type of model addresses the shortcomings identified in previous models by providing the
worker and position information in the same language for comparison, ensuring the required data
is readily available, and making the approach easy to use and understand.
Using the extensive O*NET database, a decision model (DM) was developed to parse the
relevant information. Scaling metrics were used to include proficiency, importance, and frequency
in the algorithm to generate the detailed position requirements or identify the worker’s
qualifications. The goal was to provide a model that can be used to determine specifically what is
needed for a position and can also be utilized by existing workers to describe the skills that they
have. The model, using the algorithm with metrics, should also calculate the difference in the two.
This difference is the skills gap. The process to go from O*NET to a detailed position description
is shown in Figure 21.
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Figure 21. Framework to Skills Gap Identification Process

The model results in both the position description and worker qualifications in the same
language so that they can be compared (see Figure 22).

Figure 22. Generalized Details to Specifics
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4. 2 Skills Gap Analysis Model Framework
The combined model framework is shown in Figure 23. The framework from the Navy’s
Human Capital Object (HCO) model was used to compare worker requirements and individual
profile. The decision path logic from the Army’s Job Assessment Software Selection (JASS)
program augmented with specific scaled KSAO constructs from O*NET provides the comparison
method that allows a “skills gap” to be quantitatively identified. This approach addresses the
shortcomings identified in previous models by providing the worker and position information in
the same language for comparisons.

Figure 23. HCO/JASS/O*NET Combined

The benefit of combining the HCO framework, the JASS program method, and O*NET
database is that the focus is on the specific “worker requirements” needed (from the organization
side) and the “individual profile” (from the potential worker side) resulting in data sets that can be
compared to identify the skills gap. The key factor when combining these systems was developing
a model to identify the specific KSAOs on both sides, the rating process, and calculating the “gap”
distance.
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4.3 O*NET Database
The SGAM will leverage the extensive O*NET database. The O*NET data is organized
into six major domains: worker characteristics, worker requirements, experience requirements,
occupational-specific information, workforce characteristics, and occupational requirements.
These descriptors also include softer skills to fully detail position requirements. Each of these
domains can be subdivided into further categories with multiple job-oriented and worker-oriented
descriptors in each. The categories and subcategories for the example technician position are
shown in Figure 24. The numbers shown are the potential requirements for the manufacturing
production technician position, in each area.

Figure 24. O*NET Categories

The O*NET model is very detailed, and the logical listing of all potential requirements is
necessary to start identifying position requirements and personnel skills. Starting with a welldefined list helps with a phenomenon called “recall” (Reiter-Palmon et al., 2006). Recall prompts
memory and enables users of the information to quickly and accurately identify the relevant items.
This is analogous to having a shopping list before going to the grocery store. The O*NET model
framework will ensure that the descriptions are complete and no items are forgotten.
Some O*NET profiles identify level of proficiency needed, importance, or frequency while
some areas do not. See Table 13 below for O*NET Job position 49-9041.00 - Industrial Machinery
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Mechanics. To ensure consistent data for comparison all relevant descriptors are captured and
measured quantitatively in the new model.

Table 13. Proposed Skills gap analysis Method.

Questions are typically used for the job analysis activity to collect information. Breaking a
task down into every detail would result in an overwhelming amount of questions. In the work by
Clifford (1994), he discusses how to address details related to common activities. The example
used is “drive a car”. Explicit details about opening the door, using the key or fob, and changing
gears are not needed. The important aspect is the ability to use the combined KSAOs to complete
a common activity. The O*NET descriptors make use of this method. This reduces the time is
takes to complete a job analysis and makes comparisons more efficient.
4.4 Parsing the Model Data
The JASS program is not being used explicitly in the model, but aspects of it will be
adapted to work with the new model. The ability to sort through the questions and only present
what is relevant is critical. Figure 25 show potential results of running through the JASS for a
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particular activity. There can be up to a 59% reduction in the number of questions that need to be
answered.

Figure 25. JASS Question Reduction

Within O*NET there is a large amount of data; the downside of a large detailed list is the
amount of information can cause information overload. To demonstrate this point, all the potential
descriptors for the manufacturing technician position are shown in Appendix D. Because O*NET
is a large, comprehensive job analysis database, there is a great deal of information that needs to
be sorted and analyzed. The skills gap analysis model includes a decision model to parse the O*Net
data to make it usable for identifying skills gaps. The first step is to determine if there are
dependencies between the requirements. To reduce the amount of data, the decision model will
assess each section to determine if there are dependencies. Based on these dependencies, some of
the descriptors can be logically removed saving time and effort and parse out only the relevant
information. The process is shown in Figure 26.

Figure 26. Dependency Evaluation
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Using question dependencies, non-relevant questions are removed. Determining the
dependencies is critical for reducing the amount of data. Some O*NET categories or descriptors
can be eliminated because they are not appropriate to the idea of creating or detailing a position.
Examples of these categories would include job zone, related occupations, wage & employment
trends, and current job openings on the web. This is good overall information about the position
but is not relevant for detailing what is needed for a position. The other O*NET categories and
related descriptors can be used to detail the position. Additionally, many of these categories can
be grouped into knowledge sections. Then within each knowledge section the skills, abilities, work
activities, tasks, tools, and technology can be identified. This process would be repeated for all
knowledge sections. Figure 27 shows the research process to be used for sorting through the
categories and descriptors.

Figure 27. O*NET Decision Path

The key is for the decision path to provide a guide to logically and systematically navigate
the large volume of questions and reduce the amount of time and effort required to provide an
accurate and detailed position description. Figure 27 shows each section starting with the
knowledge area. Similar to the JASS decision path model shown in Appendix B, many knowledge
areas can start with a simple YES/NO decision. For example, if no computer knowledge is needed,
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then there are no computer skills needed, no specific computer abilities needed, no computer
related work activities or detailed work activities are needed, and no computer related tools or
technology are needed. A simple “NO” will by-pass all the related dependent questions. In a
similar fashion within the sub-categories, YES/NO questions can also be used to skip non-relevant
questions. The decision tree for this process along with these decision points is shown in Figure
28 below.

Figure 28. Skills Gap Analysis Model Knowledge Decision Tree
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Using the logic tree shown along with the descriptor dependencies the model makes
effective use of the evaluator’s time.

4.5 Scaling Metrics
The decision path model results in a detailed and accurate position description. However,
the missing components are the proficiency level, importance, and frequency. Several articles and
the Delegated Examining Operations Handbook (2007) identified these as important components,
but a clear method of use was not described. Adding in these criteria with scaling metrics allows
the position to be better defined. Proficiency is used to describe the skill level needed for the
position, Importance indicates how much the skill is needed for the position, and Frequency is how
many times the skill will be needed for the position. The combination of these three metrics allows
the SMEs to use the model to better define what is needed for the position and allows the
technicians to better define their skill levels.
The issue of not including scaling metrics can be explained using the hydraulic and
pneumatic mechanics example from before. They both have the same general requirements but
very different positions. There could be a lot of variability in the position and one position could
actually morph into the other, but with current methods this change would not be detected and the
importance change of the requirements would not be captured. The biggest issue, in this example,
is that the existing personnel may be able to perform the requirements of this new morphed position
even though the position description has not changed. This research will produce a new algorithm
to focus on the descriptors and include the proficiency level, importance, and frequency. Using the
new method would also be able to track how positions have changed over time. Even if just the
importance of a position requirement changes, that will affect the decision about who is the best
fit for the position.
The model includes scaling metrics for proficiency, importance, and percentage of
position. The level of proficiency will be scaled on a Likert scale from 1 to 7 as shown in Table
14. The use of logical anchor points helps to better identify the correct proficiency level. One
person’s definition of average may vary greatly from another person. The level of importance
will use the Likert scales based on Table 15. Finally, the percentage of the position will use the
Likert scales based on Table 16.
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Table 14. Proficiency Scale

Table 15. Importance Scale
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Table 16. Frequency Scale

The Likert scales allow the model to convert the responses into more descriptive
quantitative data. The model weights descriptors using the scale and logical anchor points. Each
descriptor has values for all three areas. The model, based on the percent of relevance for each of
the three areas, then calculates a single value. The percent relevance may vary based on
organization, but for this example, proficiency will be 80%, importance 15%, and frequency 5%.
Because proficiency is critical it has the largest percentage. To help further differentiate between
descriptors, the importance is set at 15% and frequency is the last 5%. The descriptor rating can
be fine-tuned but can also be fixed for a certain position or organization. To make the data easier
to evaluate, these values will be normalized so that a perfect value for each descriptor would be
100. The normalization equation is shown in Figure 29.

𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑[𝑉𝑎𝑙𝑢𝑒] =

(𝑉𝑎𝑙𝑢𝑒−𝑉𝑎𝑙𝑢𝑒𝑚𝑖𝑛 )(𝑏−𝑎)
𝑉𝑎𝑙𝑢𝑒𝑚𝑎𝑥 −𝑉𝑎𝑙𝑢𝑒𝑚𝑖𝑛

,

where b is 100 and a is 0.

Figure 29. Normalized Value

This equation will convert the program outputs to values between 0 and 100. Using this
method, data for each descriptor is condensed to a single value. An example of the weighting and
normalized values is shown in Table 17.
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Table 17. Weighting and Normalized Values

Each descriptor is rated for importance, frequency, and percentage of the position, and
using all three of these values with the identified relevance, the descriptor is quantitatively defined
by a single number. An example is shown in the table below.

Table 18. Descriptor Value Example

The descriptor is normalized, and the percentage weights are applied to generate a number
for each metric. The three numbers are then added together to get a final value for that descriptor.
By having all descriptors with quantitative values, analysis and comparison can be performed.
Using this method, data for each descriptor is condensed to a single value which can be averaged
with the other descriptor vales to determine an exact position-to-worker fit measurement.

4.6 Comparison and Evaluation
To this point, using the decision model, the large O*NET database has been parsed based
on the information entered by the user (see Figure 30). Additionally, using scaling metrics that
include proficiency, importance, and frequency, the creation algorithm generates the detailed job
requirements. The last stage in the model is calculating the difference in the two, the skills gap.
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Figure 30. Model Reduction of O*NET

The position and worker requirements for each descriptor can be compared and the
difference identified. This is shown graphically in Figure 31.

Figure 31. GAP Analysis
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As shown on the graph, for each descriptor there is a difference between the requirements
and the worker skills. This difference is the “gap”. The gap can be quantitatively identified, as
shown in Table 19. Note that the gap can be positive (over qualified), negative (under qualified),
or neutral (meets requirements).

Table 19. Gap Analysis Example

Along with an individual descriptor comparison, an overall worker-to-position fit
coefficient can be determined by calculating the average of the summation of the differences
between the position requirements and the worker qualifications using the equation in Figure 32.
The overall fit value can be used to compare across a set of workers to evaluate who has the best
fit to a position description.

Figure 32. Worker-to-Position Fit Coefficient
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An average of the distance between the two values gives an overall rating of the worker to
the skill set of the position. The comparison is made using the average of all descriptor “gaps”, so
a worker could be strong in some areas and weak in others but still be an overall fit. The data
collected will also show the areas that need improvement. Once the organization has the
quantitative information, it can determine if a particular descriptor is critical, and set its own
specific limits of acceptability. The chance of a perfect worker-to-position match will be slim, so
each organization will have to determine its own acceptable fit limits. If an organization has a good
training program, it may be willing to take a worker with more skills gaps and train them. If the
organization needs the worker to perform immediately, it might want to make sure the person
meets all the requirements
The skills gap analysis model provides improved identification of worker qualifications,
enables a method for consistent comparison between the position and worker, and provides a
method for organizations to identify gaps to determine if existing personnel can fill the position or
if training is needed. Because of the comparison method, the specific areas needed for training can
be identified. The quanitative analysis also allows the candidates to be compared and ranked in
relation to the position.

4.7 Model Implementation
The model algorithms were implemented using Microsoft Excel. All the responses for the
Decision Model and rating values for the Creation Algorithm are stored in Excel in a log sheet.
This information will be used for the Comparison Algorithm and overall evaluations.
As an example, the mechanical technician position has 183 potential ONET descriptors.
Using the parsed decision model, only 111 out of the 183 descriptors fall into one of the knowledge
categories. Items such as education and training are to be considered “checkbox” requirements.
That is, they either have it or they don’t. For example, some organizations require a 4-year college
degree for a position. Others may require specific licensing. These “set in stone” non-negotiable
requirements will not be included in the quantitative analysis of the position. There were also
several items from the skills, abilities, work styles, and work context lists that were independent
of knowledge. These items could still be grouped and still had dependencies on each other.
Accounting for the independent items, the new flow diagram is shown below.
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Figure 33. New Decision Path

Once all the descriptors are grouped with the associated dependent descriptors the next step
is to turn these into questions (both decisional and rating) that will guide the evaluator through
only the relevant areas and questions. An example of how this works is shown in Figure 34 for the
knowledge area, English language. If this area is not needed, it will skip all the questions. If reading
is not needed but speaking is, it will identify that, and the evaluator will provide input to indicate
what levels are required. This method greatly reduces the numbers of questions needed to
quantitatively detail a position.
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Figure 34. Knowledge Area Example

While sorting and organizing the descriptors, some of them have the same basic meaning
such as “Responsible for Equipment Maintenance” and “Responsible for repairing and maintaining
equipment”. These descriptors will be combined to reduce the number of questions needed.
Starting with 183 descriptors, the number was reduced to 158. Out of the 158, 145 have the
potential to have associated metrics. The other 13 are YES/NO decision questions to assist with
the parsing. After all the knowledge areas and other areas are organized into a proper flow and
converted into decision (yes/no) and rating questions based independent and dependent
relationships, the model is ready for the demonstration.
The Excel file is set up to flow through all the questions in a logical format and only
requires the participant to answer relevant questions. The participant only sees a clean user
interface, but all the possible information is laid out in Excel and the VBA program will step
through the information effectively. The main Excel sheet is shown in Figure 35.
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Figure 35. SGAM Excel Sheet

4.8 Summary

This chapter demonstrated how taking the best features from the HCO model, JASS, and
O*NET could be combined to design the SGAM. Using structured and grouped O*NET
descriptors with a parsed decision model, the JASS logic along with the described metrics, and the
comparison algorithm, postions can be fully and quantitatively detailed from the organization
position side and the worker side to allow for comparison.

66
5. DEMONSTRATION

The purpose of this DSRM stage is to demonstrate the use of the artifact to establish that
the artifact addresses one or more instances of the problem domain. The skills gap analysis model
(SGAM) was implemented in an Excel spreadsheet so that the model could use inputs from subject
matter experts (SMEs) to characterize a specific position from both the position and the worker
perspectives using the O*NET descriptors. This ensures that both sets of data are comparable terms
which will allow the algorithm to equate two sets of data. After completing the activity, the SMEs
and Technicians completed an opinion survey regarding the suitability and relevance of the
SGAM. The outcomes of the demonstration, along with the survey data, will be used to evaluate
the new artifact in Chapter 6.
5.1 Demonstration Protocol

The SGAM was implemented using Microsoft’s Excel program to develop an executable
version of the model that can accept user inputs in order to characterize a position. Excel provides
an easily portable model that is standard for most organizations. Using the Visual Basic for
Applications (VBA) functionality, it has the capabilities needed to parse the data and allows user
inputs to drive the outcomes of the model. A simple interface steps the user through the model
framework and applies the metrics for the comparison algorithm. The Excel file was emailed to
leads within two local manufacturing organizations. These leads identified potential candidates to
test the model. It was requested to get as many willing participants as possible. The target for both
organizations was five for each group.
The participants were SMEs and Technicians within a specific operation area:
Manufacturing Technology. It is important to note that all technicians who participated in the
demonstration had the exact same job title. Because participants had the same job title, there was
also a desire to compare position requirements and worker qualifications from different
organizations.
The Excel file included all required informed consent questions, and the only information
collected about participants was to determine if they were Subject Matter Experts (SME) or
Technicians. Table 20 indicates the number of personnel who participated in the demonstration.
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Table 20. Demonstration Participants

Both the SMEs and Technicians used the model to detail a specific position, Manufacturing
Technician. The completed position descriptions (SME) or worker requirements (Technician),
along with the user survey were emailed back to the researcher. Once received, the file was
downloaded by the researcher and the message deleted. No identifiable information was retained.
5.2 Demonstration Model
The SGAM model (Excel file Version 021319), distributed to the SMEs and Technicians
was an implementation of the model described in Chapter 3 using the features of an Excel
workbook. By clicking one button the program starts.

Figure 36. User Interface
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When starting the demonstration, the user is prompted with a Consent Form (see Figure
37) containing all relevant information about the study. If the user selects the DECLINE button
the program will close, and the user will be directed to close the file. No information will be
collected.

Figure 37. Consent Form

If the user selects the ACCEPT button, the demonstration will start. The participant selects
whether they are a SME or a Technician. For the SGAM, it is not only the proficiency level that is
evaluated, it is also the importance and the frequency of the descriptor. The evaluator is asked to
rate all three of these. Figure 38 shows the user screen for the participant to provide inputs.
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Figure 38. Participant Selection Form

The SGAM logically steps the user through all the questions based on the O*NET
Knowledge areas for this domain using the parsed decision logic, i.e., skipping over any dependent
questions that are not relevant based on previous question responses. Decision screens are used to
determine if an area is relevant and consist of YES/NO questions (see Figure 39). If the item
presented is not relevant to the position being described, the rating scale is hidden. Once an item
is selected as relevant, the scale is provided. Additionally, items that can be identified as not
relevant based on previous responses will be skipped; hence, the data parsing ability of the model’s
algorithm reduces the burden on the user. The percentage complete is displayed at the bottom, and
the participant has the option to stop and exit at any time without saving any of the data.
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Figure 39. Decision Form

Using a slide scale, the proficiency of the descriptor (with anchor points), the importance
of the descriptor, and the frequency that the descriptor is needed for the position are identified.
The ratings form uses logical anchor points to make user selection easier and more accurate. These
anchor points help prevent the typical concern about the self-evaluation being exaggerated by
giving the user specific examples of the proficiency levels so they can choose appropriately. The
slide scale enables the participant to quickly answer the questions.
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Figure 40. Ratings Form

After all the questions have been answered, the participant is informed that the data is
saved.

Figure 41. Model Data Saved Screen

All the data is temporarily stored until the end of the demonstration, and then it is
automatically transferred to a log sheet (see Figure 42). During the transfer process, the scales for
proficiency level, importance, and frequency are used to determine a rating factor for the relevance
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of each descriptor. The average of all the relevance factors results in a single number that can be
used for an overall comparison. At the completion of the participant’s rating of the position or
worker requirements, the data is automatically stored within the Excel spreadsheet. The log sheet
also tracks how many questions were answered and skipped using the parsing algorithm. The
results from the SMEs detailing the position can then be compared to evaluate the inter-rater
reliability of the model for detailing a common position. Likewise, the worker profiles will be
compared to determine the internal consistency of the model for determining the required KSAOs.
Finally, the model will be tested to quantitatively determine the skills gap, between the two sets of
data.

:
:

Figure 42. Model Log Sheet

73
By comparing the SME values to the worker values, a quantitative worker-to-position fit
measurement is obtained. By drilling down into the individual values for each descriptor specific
details about what is driving the skills gap can be identified. Another benefit of implementing the
model in Excel, with all the data stored in the log sheet, the basic graphing capabilities of Excel,
can be used to visually identify the differences.

5.3 Survey to assess Model Suitability and Relevance
After the participant has completed the model demonstration, the program prompts the
participant to complete a survey (see Figure 43).

Figure 43. Model Completion/Survey Screen

The survey is an adaptation of the System Usability Scale (SUS). The SUS (Brooke, 1986)
consists of a 10-item questionnaire and provides a reliable tool for measuring usability. The SUS
has become an industry standard and is reliable for small sample sizes and is has proven validity
to identify unusable systems. For the Model Suitability and Relevance Survey (MSRS), each of
the five model evaluation criteria will have two questions, one positive and one negative, as shown
in Table 21. These questions are also listed in Appendix C.
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Table 21. Model Suitability and Relevance Survey (MSRS) Questions

The survey questions are built into the Excel program and use a five-item Likert scale (see
Figure 44) to capture the participant response. Participants also can provide open ended comments.

Figure 44. Survey Likert Scale

The participant is guided through all 10 questions using the Excel interface shown in Figure
45.
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Figure 45. Survey Interface

Once all 10 questions have been completed the participant is thanked (see Figure 47) and
the survey data is transferred to a worksheet in Excel where the data is collected and can be used
for analysis. A sample log sheet is shown in Figure 46 below.

Figure 46. Survey Completion
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Figure 47. Survey Log Sheet

5.4 Summary
This section described the demonstration step of the Design Science Research Methodology.
All the data collected from the demonstration participants was saved in the Excel program. No
participant identifiers were retained. After all the data has been collected, the demonstration step
is complete, and the data will be used for the evaluation step detailed in Chapter 6.
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6. EVALUATION

The purpose of the evaluation stage of the DSRM is to ensure that the new artifact meets
the requirements set out at the beginning of the development (as articulated in Chapter 2) and can
address the problem identified at the beginning of the research (in Chapter 1). The data collected
from the demonstration phase, reported in Chapter 5, can be used to complete the evaluation.
6.1 Criteria for the Skills Gap Analysis Model
The problem identified for this research was to improve existing skill models by combining
them in such a way that the skills gap, based on a common representation of a job position and
personnel skills, can be identified. The challenge was to identify the position requirements and
worker skills using a common framework so that the comparison could be made. Additionally, the
model needed to be easy to use, able to parse data effectively, and able to yield actionable data that
would be useful for evaluation. The explicit criteria to evaluate the success of the new model were
identified in section 2.1.3:
Criteria 1 - Single Taxonomy for both position requirements and the worker qualifications
Criteria 2 - Comparable (quantifiable data)
Criteria 3 - Adaptable to any domain (robust)
Criteria 4 - Actionable: Provide accurate and actionable data
Criteria 5 - Usability: Would be quick and easy to use
These criteria will be used in conjunction with the review of the data collected during the
demonstration to evaluate the resulting SGAM model.

6.2 Evaluation of the Demonstration Data
6.2.1 Gap Analysis
The data collected during the demonstration use of the SGAM model by both SMEs and
Technicians can be analyzed to evaluate the success criteria of the SGAM model and the response
of the users to the new artifact. Each O*Net descriptor, which describes a KSAO needed, was
converted to a question for the model. Participants provided proficiency, importance, and
frequency responses for each descriptor question. In Figure 48, the vertical axis is quantitative
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numerical average determined from these responses. The first analysis provides a graph of the
average of the SME results vs. the average of the Technician results. From these results, it can be
seen the SME average is greater than the technician average. It also shows the ability of the model
to represent both sets of data using the same taxonomy (Criteria 1).

Figure 48. Demonstration Results – SME Average vs Technician Average

The average gap for each descriptor, based on the results above, can be graphed from high
to low. This supports the ability to identify a quantifiable skills gap from the model data (Criteria
2). It also shows where the Technician average agrees with the SME average, where the gap equals
zero, and the cases where the Technician average exceeds the SME average or where the gap is
less than zero.
Having the data available, it is also possible to identify the skills gaps for a single
individual as shown in the graph below.
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Figure 49. Demonstration Results – SME Average vs Technician A5
Technician A5 was the highest rated and will be discussed in more detail in section 6.2.5
Position “Fit” Evaluation. The graph shows specific areas that need improvement, skills gaps,
and areas where this technician exceeds the SME average. The graph shows even the best fit
technician would benefit from training in certain areas.
A graph of the gap averages from high to low as compared to the SME average is shown
below.
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Figure 50. Demonstration Results – Identified Skills Gaps
The top ten identified gaps based on this data are shown in Table 22. These gaps are
identified by both question and descriptor and provide actionable data for the model user (Criteria
4). The number in the “Gap” column represents the numerical average of the proficiency,
importance, and frequency responses from the technician participants as compared to the SME
average.
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Table 22. Skills Gaps identified in the Demonstration Data

As shown in the table, the largest gap identified in the demonstration data is Repairing and
Maintaining Electronic Equipment. As technology has improved, manufacturing equipment has
moved from the mechanical dial assembly, cam driven, machines and contact gages to electronic
servo-drives and vision systems. As these systems continue to evolve, the need for Technicians to
gain these skills is becoming more important. The model correctly identifies this disconnect
between the existing workforce (the Technicians) and the evolving needs of the organization (the
SMEs). The other major gaps identify the need for better troubleshooting ability, organization
skills, and communication.
In contrast, the four areas where the Technician average exceeded the SME average are
shown in Table 23. While the adaptability criterion references the capability to tune the SAGM
model domains, the ability to view the demonstration data from different user viewpoints also
supports the adaptability of the model (Criteria 4).
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Table 23. Items where Technician Requirements Exceeded SME Expectations

As described in the table, questions 118, 116, and 115 all relate to traditional mechanic
skills. The SGAM correctly identifies that the Technicians who participated in the demonstration
excel in this area and, as such, are better than the SME identified requirements, i.e. as technology
improves the importance and frequency of these skills will be reduced.
The robustness of the model allows each descriptor to be further analyzed. As an
example, for question 121, “Selective Attention”, a comparison can be made between the detail
data provided by both the SMEs and the Technicians, as shown in Table 24. This level of detail
provides additional support for Criteria 4 – Actionable Data.
Table 24. Details for Question 121 “Selective Attention”

For this question, the SMEs and Technicians agreed on the importance and frequency, but
the Technicians rated it at a higher proficiency level. These parameters are all important when
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evaluating an existing workforce and may indicate a miscommunication with the workforce about
the requirements of a task. For example, the frequency metric would be useful for organizations to
see where employees are spending their time. Maintenance activities are typically hard to track
because they do not have regular production metrics, such as number of parts produced. The
SAGM model can identify these types of disconnects and can be used to communicate more
directly with employees as well as identify training needs.
While Table 24 identifies the details for one particular question, the SME and Technician
averages for the three evaluation metrics: proficiency, importance, and frequency, can be graphed
across all questions, as shown in Figures 51, 52 and 53. The vertical axis for all three graphs is the
numerical average based on the participant’s responses. Note that the questions are sorted by the
SME average, resulting in the smooth average line for the SME, as compared to the choppy line
for the Technicians.

Figure 51. SME and Technician Average Metric Results - Proficiency
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Figure 52. SME and Technician Average Metric Results – Importance

Figure 53. SME and Technician Average Metric Results - Frequency
These data can be reviewed for trends across the organization. For example, consistent
disconnects in any one of the metrics can be used to review, perhaps incorrect, assumptions about
specific skill requirements. For example, low frequency requirements, coupled with low
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importance, might indicate that this skill set can be contracted outside of the organization instead
of maintaining that expertise in-house.
6.2.2 Participant Survey

After using the SGAM model, the SMEs and Technicians who participated in the
demonstration were asked to complete the Model Suitability and Relevance Survey (MSRS). The
outcomes of this survey support the usability (Criteria 5) of the new artifact, the SGAM model.
The survey questions were identified in Table 21 of the previous chapter and are repeated here in
25 with the data collected from the MSRS survey.

Table 25. Survey Responses

To analyze the results, the negative values are converted to positive values by reverse
scoring the items. In this case the Likert scale is reversed for the negative items and the new values
used. The data shows that most of those surveyed agreed with the positive questions and disagreed
with the negative questions. This allows all the items to be included in an overall average, as shown
in Figure 54.
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Figure 54. Survey Final Model Rating

As shown in Figure 54, the average of all the survey results is 3.845. The neutral line is at
3, so for the overall average all the responses are positive. The survey results show that the model
is suitable and relevant. These results confirm Criteria 5 – Usability.

6.2.3 Data Parser Utility
As previously noted in model development (Chapter 4), the model allows the user to skip
questions that they identify as not needed. This makes the most efficient use of the evaluator’s
time and reduces the effort needed. Table 26 summarizes the results.
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Table 26. Participant “Skipped” Questions

Reviewing the data from Table 26, the SME average is 2.33 skipped questions for a 1.48%
reduction. In contrast, the Technician skipped question average was 49.35 questions for a 31.17%
reduction. The technicians skipped 21 times more questions than the SMEs. These results are
summarized in Table 27.
Table 27. Skipped Questions

From this data, technicians put value on almost all the KSAOs identified for the position,
whereas, the technicians did not identify that they had skills in many of those areas. These are
areas that may require training. It is also possible that the technicians felt these areas were not part
of their job so they felt they could be skipped, identifying a disconnect between what the
organization identifies as a position requirement and what the worker feels is their responsibility.
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The data parser helps reduce the amount of questions that need to be answered. However,
even with the data parser, some of the survey comments mentioned that completing the model was
lengthy. To further reduce the effort needed to complete the model, the questions can be further
refined by only focusing on the high value descriptors.

Figure 55. Express Model

Descriptors that required a low proficiency, low importance, or were needed very
infrequently can be removed. By removing the lower value descriptors, the amount of data can be
reduced. Once the SME baseline is established, it can be stored and used for future evaluations.
Having this information stored, only the worker side of the model would have to performed. This
one-sided approach saves time and effort. Although it should be noted that periodic SME
evaluation of the position should be performed to make sure the requirements stay up to date.
6.2.4 Model Reliability
An important facet of any model development is an evaluation of the reliability of the
model, i.e., does the model produce consistent results? The internal consistency of the model can
be evaluated by comparing the results of the different sets of users who participated in the
demonstration. The more reliable the model, the more likely it is to draw correct conclusions from
the data collected. A model with high reliability is more likely to be used and trusted, supporting
Criteria 5.
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The demonstration allowed a group of SMEs to use the SGAM to identify the requirements
for a position and also allowed a group of Technicians currently in that position to detail their
qualifications. The results of the different groups of participants can be compared to evaluate the
reliability of the SGAM model.
Table 28 indicates the variance among the SME data. The standard deviation (SD) is used
to describe the distribution relative to the mean for the SME. In this case the SD for the complete
set of data collected for all the SME responses is 3.77. The SD of the comparison table is 0.07 with
a variance of 0.01. These values indicate the use of the SGAM by the SMEs resulted in close
agreement on what is required for the position.
Table 28. SME Data Variation

There were two groups of technicians from two organizations that participated in the
demonstration. In the first set, five technicians from Organization A used the SGAM to rate their
current skill skills sets. The results are shown in Table 29.

Table 29. Technician (Organization A) Data Variation
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The SD of the complete data set collected for the technician A responses is 16.60, the SD
of the comparison table is 0.72 with a variance of 0.52. Additionally, the variance for the three
technicians from organization B are shown below:

Table 30. Technician (Organization B) Data Variation

The SD of the complete data set collected for the technician B responses is 15.67, and the
SD of the comparison is 0.47 with a variance of 0.21. The SD and variance for the technician skill
sets in both organizations are similar. The larger SD shows that within the organization here are
differences in the available skill sets among technicians, even though they may be assigned to the
same position. A summary of the data set averages, data set deviations, and variances is shown in
Table 31.

Table 31. Data Variation Summary

Comparing the SME average with the technician average, Table 32 shows that there is a
big difference between SME average and the Technician averages.
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Table 32. Data Average Comparisons

The SME average for the position requirements was a great deal higher than what the
technicians rated themselves showing a gap between what the employees possess versus what is
needed. On average the SME identified the position needed 22% skills than technicians identified
having. The SMEs expected more from the personnel in the technician position. This comparison
also shows that the average of the skills sets for technicians with both organizations is similar,
confirming consistency that is reflected in the model.
6.2.5 Position “Fit” Evaluation
The initial impetus for this work was the desire to compare a position description and a
worker skill set and determine “fit”. Using the fit coefficient equation from Figure 33 and the data
collected from the demonstration, an example of the use of the SGAM model for a position “fit”
evaluation can be performed. Table 33 describes the fit of the eight technicians who participated
in the demonstration to the SME average position description.

Table 33. Data Average Comparisons
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Comparing the individual technician averages with the normalized SME requirement
average, the technician fit is ranked from one to eight in the second column of Table 30. This
information can be used for making hiring and promotion decisions or identifying the best person
to move into a position based on the position requirements. Technician A5 has the smallest skills
gap and thus ranks first in the fit column. Alternatively, Technician A1 has the largest gap, and
ranks last in the fit column. From this perspective, Technician A1 would be the top candidate to
receive training in order to better fit the current position. The SGAM data can be further examined
to understand where Technician A1 skills gaps are. The SGAM data for Technician A1 was sorted
from high to low and compared to the SME average (See Figure 56). The difference between the
two identifies the gaps. This information can be used to identify training required or to identify a
position that Technician A1 may be better suited to fill.

Figure 56. GAP Identification

6.2 Assessment of Skills Gap Analysis Model
The results of the user demonstration can be used to assess the SGAM artifact and evaluate
if it meets the design criteria that were established at the onset of the Design Science Research
Methodology. As noted in the sections above, different aspects of the demonstration lend evidence
to the assessment of the model – these are detailed in Table 34.
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Table 34. SGAM Assessment

6.2.1 Taxonomy
To allow for quantitative comparison, both the position requirements and the worker
qualifications need to be presented in a way that they can be reasonably compared. The information
needs to use the same language. The use of the O*NET descriptors is effective in capturing this
information for both sides and provides a classification of descriptors that can be used for both
perspectives. This criterion was demonstrated by having both SMEs and Technicians use the same
descriptors to identify what was required for a position and what the worker skills are.

6.2.2 Comparable
By adding the metrics for proficiency, importance, and frequency the descriptors can be
weighted to provide the basis for a quantifiable comparison. Using this quantitative data, worker
qualifications can be compared to position requirements to identify skills gaps. This criterion was
demonstrated by using both the SME and Technician data to establish the differences between the
two sets of descriptors.

94
6.2.3 Adaptable
The O*NET database is extensive and is constantly being updated so that it remains
relevant. Using this database along with the described model, this method is adaptable to any
domain. This criterion was not elicited during the demonstration. See section 6.3 below.

6.2.4 Actionable
This model generates better position descriptions that will provide clear direction about
what is needed, provides improved identification of worker qualifications, enables a method for
comparison between the position and worker, and provides a method for organizations to identify
gaps to determine if existing personnel can fill the position or if training is needed. This criterion
was demonstrated by identifying specific descriptors that could benefit from additional training,
as well as identifying specific technicians who would be candidates for the training.

6.2.5 Usability
To be useful, the model would have to make effective use of the evaluator’s time. Systems
that are difficult and time intensive are not likely to be used. By using the O*NET descriptors and
parsing the data to only ask the user relevant questions, the user’s time is being used effectively.
This criterion was demonstrated by asking the participants to complete a usability survey at the
completion of the demonstration event and provide feedback on their perspective of using the tool.
Additionally, the results from the SME participants were compared to evaluate the interrater reliability of the model for detailing a common position. These results showed a high
agreement. Likewise, the worker profiles were compared to determine the internal consistency of
the model for determining the required KSAOs. Both results are shown in Figure 57.

Figure 57. Inter-rater Reliability
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The worker results showed more variability. This result makes sense and supports the
theory of the skills gap. The SMEs agreed on the position requirements, but the qualifications of
the workers in the positions varied a great deal and were on average lower than what the position
required.
6. 3. Example of Adaptability
To demonstrate the adaptability of the model, another job position will be evaluated, and
the model steps will be reviewed. JASS uses a Barista position as an example, so for this exercise
we will use the same position. Searching the O*NET database for “Barista”, the position
requirements are identified (See Figure 58).

Figure 58. O*NET Barista Details
Retrieved July 13, 2019 from https://www.onetonline.org/link/summary/35-3022.01
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The framework and process were detailed in Chapter 4 and diagrammed in Figure 21, but
they are shown again here in Figure 59.

Figure 59. Adaptability Example

The O*NET position description identifies all the KSAOs required for the position using
descriptors. These descriptors are organized in a logical manner for the Decision Model which
allows participants to parse out non-relevant questions. The decision path is shown in Figure 60.
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Figure 60. Decision Path

The descriptors are converted into questions, following the path above. An example is
shown below.

Figure 61. Barista Example

By allowing SMEs and current workers to use the new model, the detailed position
requirements and the worker qualifications can be determined. Through comparison and
evaluation, the skills gaps and other areas of concern can be identified. The model presented is
adaptable to any position description and satisfies criterion 3.
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6.4 Overall Evaluation
In summary, the SGAM artifact meets all the evaluation criteria provided in Table 1 and
shown completed in Table 35. The skills gap analysis model acceptably addresses all the identified
criteria.

Table 35. Model Criteria (SGAM)
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7. COMMUNICATION PLAN AND CONCLUSIONS

The final step of the Design Science Research Methodology is to discuss plans to
disseminate the research from the problem identification, the solution artifact, and its effectiveness
to other researchers and potential users. This chapter also summarizes the research and presents
the conclusions and recommendations of the dissertation.

7.1 Communication Plan
The communication plan identifies the means and audiences to disseminate the research
and resulting artifact to relevant stakeholders.

7.1.1. Researchers

Researchers across many fields may be interested in these results for research involving
human factors, personnel, manning and training. The appropriate mechanism to reach other
researchers is peer reviewed publications. For research publications, the design science research
methodology is most often used to structure the paper. For this work a paper has been accepted to
be presented at the 63rd International Annual Meeting of the Human Factors and Ergonomics
Society in Seattle, WA.

7.1.2 System Engineer

System engineers are often involved in developing human role strategies as part of the
requirements analysis stage of system design. The human role strategy indicates what functions
and decisions are performed by humans within the system, as well as those that are performed by
humans with the assistance of other system components. These human system allocation decisions
determine personnel types required for operation of the system. A journal paper is in preparation
for the IEEE Systems Journal, sponsored by the IEEE Systems Council. An alternative journal will
be the Systems Journal sponsored by INCOSE.
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7.1.3 Human System Integration Practitioners

HSI is a system engineering discipline that applies knowledge of human capabilities and
limitations throughout the design, implementation, and operation of hardware and software.
(Citation: NASA/SP–2015-3709, Human Systems Integration (HSI) Practitioner’s Guide,
November 2015). The original JASS tool is part of a tool set developed for HSI Practitioners at
the US Army Research Laboratory Human Research and Engineering Directorate (HRED) in
Aberdeen, MD. The JASS developer, Dr. Christopher Garneau, has been consulted through the
development of the SGAM. The final artifact, the SGAM excel spreadsheet program, will be
provided to the ARL Tools Library, joining JASS, C3TRACE and IMPRINT as modeling and
simulation tools for HSI Practitioners to use during system development to assess the HSI domains
of Manpower, Personnel, Training and Human Factors.

7.1.4 Human Resource Professionals

The SGAM development was targeted for use in industry. Using this model, the worker
qualifications are detailed and can be compared to the requirements. Once the up-to-date current
job description is developed using this model with metrics, then existing personnel can be
evaluated. If hiring, the clear concise job description helps ensure the correct person is selected.
The established SME baseline can be used to compare potential applicants against. After the model
is used to evaluate a worker, the worker could be compared against existing positions with
baselines to determine the best fit.

Figure 62. Model Flow
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The data that can be obtained using this model would allow an organization to access its
current skills levels and the skills gaps. Having this detailed information would allow the
organization to develop a detailed training program.
This model and its use can be communicated through industry organizations such as the
Commonwealth Center for Advanced Manufacturing, (CCAM) of which Old Dominion
University is a member. Recently, ODU partnered with CCAM on a proposal for the Advanced
Robotics for Manufacturing (ARM) which the SGAM model uses as the basis for re-training
transitioning military veterans. The proposal specifically requested a “model that will translate the
skills and competencies military personnel acquire to the skills and competencies required in
manufacturing facilities” Citation: Advanced Robotics for Manufacturing, PROJECT CALL #
ARM-EWD-18-01 for Education and Workforce Development Projects, October 17, 2018.

7.2 Conclusion

7.2.1 Exit Criteria

The Skills Gap Analysis Model (SGAM) identified five critical criteria that needed to be
met to successfully identify and quantify gaps. Through the demonstration it was shown that
these criteria were met using the new model. The criteria are shown again in Table 36 below.

Table 36. Model Exit Criteria (SGAM)
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The resulting artifact from this research, the SGAM model, is generalizable and can be
applied to any position or domain. The resulting data, after analysis, provides actionable data that
can be beneficial to organizations to understand their personnel resources.

7.2.2 Benefits of the Skills Gap Analysis Model
7.2.2.1 Training and Hiring

This model can be used to identify additional training for existing personnel, identify
training needs when position requirements change, and identify specific requirements when new
positions are created. Having the ability to identify and detail the exact skills gaps will allow the
organization to target its training efforts. Also, being able to identify personnel that exceed the
skills required in certain areas and pairing them with those that need help will also help with
training. The use of this model will also help organizations track how positions have changed over
time. The model can be applied to address labor shortages from a variety of perspectives.

7.2.2.2 Employee Disconnects
The model can also identify disconnects between the organization and the worker. A
disconnect may be caused by personnel not being aware they are responsible for certain position
functions. This can occur when responsibilities change or new ones are added and the change is
not effectively communicated. This often occurs with organizations that run multiple shifts and
weekend operations. By quickly identifying the disconnects, they can be addressed before they
become an issue.

7.2.2.3 Applicant Pool Versus Requirements

The model can customize the descriptor selection and weighting criteria based on specific
organizational needs. Trying to use the complete O*NET position description as a basis for what
organizations should focus on for hiring and identifying skills gaps would be problematic. Figure
63A shows the selection of personnel based on the full O*NET description would be costly based
on the time required to find the personnel and the money it would take to attract this highly
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qualified person. Also, the amount of personnel that could fill the position would be limited. Figure
63B shows a person could potentially fill the position effectively and only need a small portion of
the wedge identified. To be cost effective, an organization would have to sort through the details
for specifically what they need. This increases the chance of finding the correct person while
saving time and money. The ability to parse out the relevant data and identify the smaller wedges
from the extensive O*Net data would be beneficial to an organization.

Figure 63. Full O*NET Requirements versus using Skills Gap Analysis Model
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7.2.2.4 Legal Concerns
An organization may have to deal with a bad hiring decision for years, and corrective action
can lead to legal issues and be very expensive. Based on the information from Cliffford (1994) for
legal reasons there should be a clear audit trail from the job analysis to the decision. In the event
there is legal action, with the new model it will be easy to demonstrate the employment decision
was valid. The level of detail the new model provides will also help with performance evaluations
to determine if the worker met all requirements of the position.

7.3 Opportunities for Future Research and Limitations

Using the same process, the SMEs used to identify what is needed, the model could be
adjusted to allow interviewers to rate prospective applicants in the needed areas to come up with
a quantitative score for decision making. Additionally, because the model identifies and quantifies
the required descriptors, the prospective applicants could be tested in appropriate areas before the
interview. The areas with the level of importance in each will have been identified, and test
questions in these areas could be developed and weighted to ensure a proper fit. Testing before the
interview ensures only the most qualified applicants are selected and that time spent by personnel
within the organization is used effectively. This saves time, resources, and can lead to a better
organizational fit. Also, if applicants are willing to test on their time, it shows commitment. Being
able to test and screen applicants for the basic technical skills required would also be a good
method to help organizations sort through large volumes of applicants.
Another potential application of this model is its use with Artificial Intelligence (AI). Using
AI with Machine Learning (ML) it may be possible to have gaps automatically identified, have
custom training programs automatically developed, provide detailed information to school systems
about what classes are needed, and possibly suggest automation options to fill the gaps. Having all
the information available would allow an intelligent system to make these calculations and
decisions.
The only limitation to note is that a larger study population was desired. The overall results
of the model were positive, but a larger sample size was targeted. Due to company size and
production issues and even though the study was volunteer and anonymous, there were concerns
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from some technicians that the information collected would reflect negatively, so the response was
less than expected. Future research could utilize a larger industry population for additional
verification.

7.4 Summary and Recommendations

This research used the Design Science Research Method (DRSM) to develop a
generalizable model that provides both the position requirements and the worker qualifications
(both perspectives) in the same language, is adaptable to any domain, allows for comparison
(quantifiable data), is quick and easy to use (usability/burden), and provides accurate and
actionable data (robust). This model enables the articulation of the “skills gap” to describe the
distance between the position requirements and the worker’s qualifications. The consistency of the
subject matter expert (SME) evaluations and the worker evaluations can also be evaluated.
The main contribution of this research is developing a model to clearly identify the needed
skills to match existing personnel to existing or new job positions. This addresses a gap in the body
of knowledge and details how this can be specifically accomplished. Much of the literature states
this is an important step in hiring personnel and for determining training requirements, but the
details for performing this activity are not clear. The model leverages the extensive O*NET data
and allows end users to easily create a very detailed job description and add metrics to ensure a
proper fit and will also help in identifying skills gaps. To evaluate the robustness and usability of
the model, a small demonstration focusing on manufacturing technical personnel was conducted.
The model can be adapted to any occupation and give quantitative results to help determine
person to job fit and help identify gaps. There have been a lot of programs that have attempted to
detail job requirements and to identify worker KSAOs. This model leverages the best of the
existing models and adds quantitative metrics, a scaling feature, and a method to parse the
information down to an acceptable level so that it is useful for organizations.
Using this model, organizations can quantitatively determine the “skills gaps” with their
existing personnel. By applying the model to identify position requirements and worker
qualifications, organizations can also move personnel to better suited positions or utilize needed
training in the specific areas identified. This type of model addresses the shortcomings identified
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in previous models by getting the worker and position information into the same language for
comparisons; the required data is readily available, and the approach is easy to use and understand.
This research addresses a complex industry problem that affects multiple enterprise
systems. The resulting SGAM model is a combination of several methods, taking the best of each
and creating a new, generalizable, easy to adapt and use model that can be applied to any domain.
The result is a generalizable model that parses data and quantifiably identifies what is needed for
a position so that analyses and comparisons can be made.

107
REFERENCES
Abraham, K.G. (2015) Is SKILL Mismatch Impeding U.S. Economic Recovery? ILR Review,
68(2), March 2015, pp. 291–313.
Arnot, D. (2006). Cognitive biases and decision support systems development: a design science
approach. Info Systems J 16, 55-78. https://doi.org/10.1111/j.1365-2575.2006.00208.
American Society for Training & Development (ASTD). (2013). 2013 State Of The Industry
Report: Workplace Learning. Retrieved from http://www.astd.org/Publications /ResearchReports/2013/2013-State-of-the-Industry.
Amissah, M. (2018). A Framework for Executable Systems Modeling". Dissertation. Old
Dominion University, Norfolk, VA.
Bemelmans, J., Voordijk, H., Vos, B. (2013) "Designing a tool for an effective assessment of
purchasing maturity in construction", Benchmarking: An International Journal, Vol. 20 Issue:
3, pp.342-361, https://doi.org/10.1108/14635771311318126.
Bruseberg, A., Lintern, G. (2007). Human factors integration for MoDAF: Needs and solution
approaches, Proceedings 17th Annual International Symposium, International Council of
Systems Engineering (INCOSE), San Diego, California, USA.
Bruseberg, A. (2008). Human Views for MoDAF as a Bridge between Human Factors
Integration and Systems Engineering. Journal of Cognitive Engineering and Decision
Making, 2(3) 220-248.
Bruseberg, A. (2008). Human Views for MoDAF as a Bridge between Human Factors
Integration and Systems Engineering. Journal of Cognitive Engineering and Decision
Making, 2(3) 220-248.
Campion, M. A., Morgeson, F. P., & Mayfield, M. S. (1999). O*NET's theoretical contributions
to job analysis research. In N. G. Peterson & M.D. Mumford (Eds.), An occupational
information system for the 21st century: The development of O⁎NET (pp. 297−304).
Washington, DC, US: American Psychological Association.
Cappelli, P.H. (2015). Skill Gaps, Skill Shortages, and Skill Mismatches: Evidence and
Arguments for the United States. ILR Review, 68(2), March 2015, pp. 251–290 DOI:
10.1177/0019793914564961.
Caruso, C.C, Hitchcock, E.M., Dick, R.B., Russo, J.M., Schmidt, J.M. (2004). Overtime and
Extended Work Shifts: Recent Findings on Illness, Injuries, and Health Behaviors. U. S.
Department of Health and Human Services Centers for Disease Control and Prevention
National Institute for Occupational Safety and Health (NIOSH).

108
Chin, P.C (2005). Applying human capital management to model manpower readiness a
conceptual framework. Naval Postgraduate School.
Clifford, J.P. (1994). "Job Analysis: Why Do It, and How Should It Be Done". Public Personnel
Management Vol. 23 No.2. Summer, pp 321-340.
Connolly, T. (2005). Military occupational specialty road maps. Leatherneck, 88(10), 28-30.
Retrieved from http://proxy.lib.odu.edu/login?url=https://search-proquestcom.proxy.lib.odu.edu/docview/229960243?accountid=12967.
Converse, P. D., Oswald, F. L., Gillespie, M. A., Field, K.A., Bizot, E. B., (2004). "Matching
Individuals to Occupations using Abilities and the O*NET: Issues and an Application in Career
Guidance". Personal Psychology 57, 451-487.
DD 21 ONR (1998). Human Engineering Process, SC-21 S&T Manning Affordability Initiative.
Retrieved from https://fas.org/man/dod-101/sys/ship/docs/ DD21ProgramProfilePart2.pdf.
Delegated Examining Operations Handbook: A Guide for Federal Agency Examining Offices
May 2007. Retrieved from https://www.opm.gov/policy-data-oversight/hiring-information/
competitive-hiring/deo_handbook.pdf.
Fulmer, I.S., Ployhart, R.E. (2014). “Our Most Important Asset”: A Multidisciplinary/Multilevel
Review of Human Capital Valuation for Research and Practice. Journal of Management, Vol.
40 No. 1, January 2014 161–192 DOI: 10.1177/0149206313511271.
Garneau, C. Job Assessment Software System (JASS) Proposed and Existing Implementations.
Galagan, P. (2010) Bridging the Skills Gap: Part II. Association for Talen Development.
Retrieved from: https://www.td.org/Publications/Magazines/The-PublicManager/Archives/2010/04/Bridging-the-Skills-Gap-Part-II.
Glaser, B.G. and Strauss, A.L. (1967). The Discovery of Grounded Theory: Strategies for
Qualitative Research. New Brunswick: Aldine Transaction.
Georgetown University Center on Education and the Workforce Recovery: Job Growth and
Education Requirements Through 2020. (2013)
Geerts, G.L. (2011). A design science research methodology and its application to accounting
information systems research. International Journal of Accounting Information Systems 12
(2011) 142–151.
Get Skills to Work formed to address Skills Gap, veterans training. Plant Engineering, Nov 2012.
Goldenhar, L.M., Hecker, S. Moir, S., Rosecrance, J. (2003). The ‘‘Goldilocks model’’ of
overtime in construction: not too much, not too little, but just right. Journal of Safety
Research 34 (2003) 215–226.

109

Handley, H. (2017). Defining Human Capability from Soldier and Task Data. Proceedings of the
Human Factors and Ergonomics Society 2017 Annual Meeting, Austin, TX.
Hevner, A.R, March, S.T., Park, J., Ram, S. (2004) DESIGN SCIENCE IN INFORMATION
SYSTEMS RESEARCH MIS Quarterly Vol. 28 No. 1, pp. 75-105/March.
HCO Conceptual and Logical Data Model (Sea Warrior).
Kane, M., Berryman, S., Goslin, D. and Meltzer, A., (1990), THE SECRETARY'S
COMMISSION ON ACHIEVING NECESSARY SKILLS. Identifying and Describing The
Skills Required by Work. Pelavan Associates, Inc., Washington, D.C.
Kay, J. (2011). No More KSAs? How the Federal Job Application Process Has Changed. Retrieved
from https://www.fedsmith.com/2011/03/21/no-more-ksas-how-federal-job/.
Kawada, T., Ooya, M. (2005). Workload and Health Complaints in Overtime Workers: A
Survey. Archives of Medical Research 36 (2005) 594–597.
Knapp, B. and Tillman, B. (1998). Job Skill Assessment of Software System. Proceedings of the
Human Factors and Ergonomics Society 42nd Annual Meeting, pp. 1319—1321.
Lawrence, J., Tar, U. (2013). “The use of Grounded Theory Technique as a Practical Tool for
Qualitative Data Collection and Analysis” The Electronic Journal of Business Research
Methods, Volume 11, Issue 1, 29-40.
Losey, S. (2009) Hiring reform: KSAs to be phased out within a year, Federal Times. Retrieved
from https://www.fedsmith.com/2011/03/21/no-more-ksas-how-federal-job/.
ManpowerGroup, (2013). 2013 Talent Shortage Survey Research Results. Retrieved from
http://www.manpowergroup.com/wps/wcm/connect/587d2b45-c47a-4647-a7c1e7a74f68fb85/2013_Talent_Shortage_Survey_Results_US_high+res.pdf.
Manufacturing Institute and Deloitte Report (2011). Retrieved from
http://www.themanufacturinginstitute.org/Hidden/2011-Skills-Gap-Report/2011-Skills-GapReport.aspx.
Moore, J. (2006) "Navy seeks to capture skills data". Federal Computer Week; ProQuest pg. 40.
Navy ILE Learning Objective Statements Specifications and Guidance MPT&ECIPSWIT-ILESPEC-1.
Nielsen, J. (2000). Why You Only Need to Test with 5 Users. NN/g Nielsen Norman Group.
Evidence-Based User Experience Research, Training, and Consulting. Retrieved from
https://www.nngroup.com/articles/why-you-only-need-to-test-with-5-users/.

110
Olson, M.P. (2015) A Multilateral Approach to Bridging the Global Skills Gap. Cornell HR
Review. Retrieved from:
http://digitalcommons.ilr.cornell.edu/cgi/viewcontent.cgi?article=1072&context=chrr.
Orellana, D.W. and Madni, A.M. (2014) Human System Integration Ontology: Enhancing Model
Based Systems Engineering to Evaluate Human-System Performance. Procedia Computer
Science 28 (2014) 19 – 25.
Peffers, K., Tuunanen, T., Rothenberger, M.A., Chatterjee, S. (2008). A Design Science
Research Methodology for Information Systems Research. Journal of Management
Information Systems, Vol. 24, No. 3, pp. 45-77.
Peggs, M. (2015). Can You Beat the Bot? Applicant Tracking Systems Solved. Retrieved from
https://www.linkedin.com/pulse/can-you-beat-bot-applicant-tracking-systems-solvedmichael-peggs February 11, 2019.
Peterson, N.G., Mumford, M.D., Borman, W.C, Jeanneret, P.R., Fleishman, E.A., Levin, K.Y.,
Campion, M.A., Mayfield, M.S., Morgeson, F.P., Pearlman, K., Gowing, M.K., Lancaster,
A.R., Silver, M.B., Dye, D.M., “Understanding Work Using The Occupational Information
Network (O*NET): Implications For Practice And Research”, Personnel Psychology, 2001.
Pettibone, C. (2010). "Workforce Challenges and Opportunities for Federal Supervisors". Public
Manger, Winter, p. 73-75.
Pfeffer, J., Veiga, J.F. (1999). Putting people first for organizational success. Academy of
Management Executive, 1999, Vol. 13, No. 2.
Reiter-Palmon, R., Brown, M., Sandall, D.M., Buboltz, C., Nimps, L., (2006) "Development of
an O*NET web-based job analysis and its implementation in the U. S. Navy: Lessons
learned", Human Resource Management Review, Volume 16, Issue 3, 2006, Pages 294-309,
ISSN 1053-4822, https://doi.org/10.1016/j.hrmr.2006.05.003.
Sage, A.P. and Lynch C.L. (1998). Systems Integration and Architecting: An Overview of
Principles, Practices, and Perspectives. Retrieved from https://onlinelibrary-wileycom.proxy.lib.odu.edu/doi/epdf/10.1002/%28SICI%2915206858%281998%291%3A3%3C176%3A%3AAID-SYS3%3E3.0.CO%3B2-L.
Shipman, M.G. and Finley, D.L. (1989). Military Occupation Specialty (MOS) Restructuring:
An Annotated Bibliography. U.S. Army Research Institute for the Behavioral and Social
Sciences.
Snyder, David Pearce. (2006) "Worker Skills and Job Requirements: Is There a Mismatch?", On
the Horizon, Vol. 14 Issue: 2, pp.92-94, https://doi-rg.proxy.lib.odu.edu/10.1108/
10748120610674067.

111
Strauss, A.L, and Corbin, J., (1990, 1998), Basics of Qualitative Research: Techniques and
Procedures for developing Grounded Theory, Sage Publications Ltd, London.
Steinfield, T. (2016). Decoding The Job Search: How To Beat The ATS (Applicant Tracking
System) Retrieved from https://www.forbes.com/sites/trudysteinfeld/2016/05/31/decodingthe-job-search-how-to-beat-the-ats-applicant-tracking-system/#1a16e3a86d84 February 11,
2019.
Spurgon, A., Harrington, J.M., Cooper, C.L. (1997). Health and safety problems associated with
long working hours: a review of the current position. Occupational and Environmental
Medicine 1997; 54:367-375.
Ross, J.M., Snow, J.P. & Zitaglio, M.A. Human Capital Object (HCO) and Skillobject Based
Manpower, Personnel & Training Analyses.
Rossmeissl, P.G., Tillman, B.W., Rigg, K.E., & Best, P.R. (1983). Job Assessment Software
System (JASS) for Analysis of Weapon Systems Personnel Requirements. Systems Research
Laboratory.
U.S Department of Labor statistics. (2018)
U.S. Department of Labor. (1993). The new DOT: A database of occupational titles for the
twenty-first century. Washington DC: US Government Printing Office, p 6.
US Navy Spends $35M on SkillsNET e-Learning. (2006, March 10). Defense Industry Daily.
Retrieved from http://www.defenseindustrydaily.com/us-navy-spends-35m-on-skillsnetelearning-01998/.
USAJOBS NASA Engineer posting (2018, March 14). AST, Software Systems (Computer
Engineer) National Aeronautics and Space Administration, John F. Kennedy Space Center.
Retrieved from https://www.usajobs.gov/GetJob/ViewDetails/493487400.
Vaishnavi, V., Kuechler, W., and Petter, S. (2017). “Design Science Research in Information
Systems”.
Valentin, C. D., Emrich, A., Werth, D., Loos, P. (2015). "User-Centric Workflow Ergonomics in
Industrial Environments: Concept and Architecture of an Assistance System," 2015
International Conference on Computational Science and Computational Intelligence (CSCI),
Las Vegas, NV, pp. 754-759, doi: 10.1109/CSCI.2015.116.
Watkins, D., Newcomer, J. M., Earnhardt, M. P., Marion, J. W., Opengart, R. A., & Glassman,
A. M. (2016). A cross-sectional investigation of the relationships education, certification, and
experience have with knowledge, skills, and abilities among aviation professionals.
International Journal of Aviation, Aeronautics, and Aerospace, 3(1).
http://doi.org/10.15394/ijaaa.2016.1101.

112
Wilson, M.A., Bennett, W., Gibson, S.G., Alliger, G.M., (2012). "The Handbook of Work
Analysis. Methods, Systems, Applications and Science of Work Measurement in
Organizations". New York, NY. Applied Psychology Series.

113
APPENDIX A
JASS QUESTIONS – ORIGINAL MODEL
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APPENDIX B

JASS LOGIC

LOGIC FLOWCHART

DECISION PATH
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APPENDIX C

MODEL SUITABILITY AND RELEVANCE SURVEY (MSRS)
To gain a rough numerical idea on your views on the ease of use of this model. For each of the
following questions, please mark the answer that most closely matches your opinion of the model.
1. I think this model will capture the main aspects of the position requirements and worker
qualifications.

2. I feel this model is too complex to use.

3. Given the position requirements and personnel qualifications are in the same language, I feel
this would provide a good model to identify skills gaps and training needs.

4. I feel this model would be better than the current method for identifying skills gaps.

5. I think the requirements are organized in a logical manner.
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6. I feel this model does not provide enough detail.

7. I feel this model is easy to use.

8. I do not think proficiency, importance, and frequency are good metrics to use for weighting.

9. I do not think this model for identifying requirements would be better than the current method.

10. I feel the model does not capture all the position requirements and worker qualifications.
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APPENDIX D

O*NET DESCRIPTORS MANUFACTURING TECHNICIAN
In the process of developing the existing O*NET descriptors, job elements that were scored to be
<50% important during surveys were not included.
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